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Abstract

Abstract
The aim of this thesis was to develop a dairy optimisation platform to optimise
investments in dairy farm technology and changes to on-farm management practices
and electricity tariffs, in order to maximise profitability and minimise environmental
impacts. Increased dairy herd sizes and milk production levels in Ireland as well as
changing regulations concerning emissions, renewable penetration and energy
efficiency have necessitated a means of financial decision support for farmers.
Therefore this body of work focused on the creation of a comprehensive method for
optimising dairy farm technology selection, management practices and electricity
tariffs. The measures which could be implemented on dairy farms to improve economic
performance and reduce environmental impacts were categorised in this study under the
headings of efficiency through technology adoption, efficiency through management
practices, and reduction in primary energy through renewable generation. To improve
efficiency through technology adoption, technologies including plate heat exchangers,
variable speed drives, solar thermal water heating and heat recovery systems were
considered. To improve efficiency through management practices, load shifting
measures were considered. To reduce primary energy through renewable generation,
photovoltaic systems and wind turbines were considered. A comprehensive optimisation
method was required which took into account all measures and the relationships
between them, while the conflicting goals of improving profitability and environmental
performance necessitated the use of multi-objective optimisation to assess trade-offs
between these goals.
Moreover, to facilitate the analysis of efficiency through technology adoption,
efficiency through management practices, and reduction in primary energy through
xx

Abstract

renewable generation, validated scalable models of energy efficient and renewable
technologies were created which enabled their effect on dairy farm profitability and
environmental performance to be quantified. These models were employed when
carrying out multi-objective optimisation to optimise dairy farm technology,
management practices and electricity tariffs for maximisation of dairy farm net profit,
minimisation of farm electricity related CO2 emissions, maximisation of farm renewable
contribution and optimisation of milking start times for farmers. Trade-offs between
these objectives were also assessed. A test case of a 195 cow farm was employed to
demonstrate the applicability and usefulness of the optimisation platform, with results
indicating that farm electricity related CO2 emissions could be reduced by 40%, 3% and
31% through technology adoption, management practices and renewable generation
respectively. Furthermore, the use of a plate heat exchanger was the most economically
feasible technology of the technologies examined.
It is anticipated that the methods presented in this thesis will be used as a
comprehensive means of decision support for farm advisors, policymakers and farmers.
The outputs of the thesis will enable these key stakeholders to make prudent decisions
pertaining to investments in technology and farm management changes, in order to
increase farm profitability and contribute to national greenhouse gas mitigation.

xxi

Global Introduction

Chapter 1 Global Introduction
The number of dairy herds in Ireland greater than 100 cows increased by 56% between
2013 and 2016 (Kelly et al., 2017). This increase in cow numbers has led to a
corresponding increase in milk production, as shown by the fact that Irish milk
production increased by 34.2% from the beginning of 2015 to the beginning of 2019
(Central Statistics Office, 2019). These increases in herd size and milk production have
been driven by the removal of the European Union (EU) milk quota system in 2015 and
Irish government policies encouraging increases in milk output (DAFM, 2010). This in
turn necessitates investment in new milk harvesting and milk storage equipment. The
selection of dairy farm technology, as well as details of the management of the farm,
affect the annual farm electricity costs and therefore the return on investment (ROI) of
the chosen dairy farm infrastructure (Upton et al., 2015a, 2015b). Furthermore, an
approximate increase of 22% in global milk production by the year 2030 has been
predicted, compared to 2018 levels (EC, 2018). This rise in milk production may result
in an increase in electricity price per litre of milk harvested, due to associated costs of
investment in labour-saving technology and milk harvesting and cooling technology
(Upton et al., 2015b). Hence, it is necessary for farmers to make informed decisions
concerning on-farm technology investments, farm management changes and electricity
tariff selection. Decision support in the form of an optimisation platform is required for
dairy farmers regarding investments in dairy farm technology and changes to on-farm
management practices such as milking start times, as well as the electricity tariff used
by the farm.
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Agriculture is the largest contributor to Ireland’s greenhouse gas (GHG) emissions, with 32.3%
of Ireland’s total emissions resulting from agriculture in 2016 (EPA, 2018). The breakdown of
Ireland’s GHG emissions for 2016 is presented in Table 1.1. Total agriculture related emissions
in 2016 increased by 2.7% over 2015 levels. This trend of increasing emissions means it is
of great importance that dairy farms use technology and management practices which
are less carbon intensive.
Table 1.1: Total greenhouse gas emissions per sector in Ireland for 2016 (EPA, 2018), including emissions in
million tonnes of carbon dioxide equivalent (Mt CO 2 eq) and the percentage of the total per sector.

Sector

Emissions (Mt CO2 eq)

% of total

Agriculture
Energy
Transport
Residential
Manufacturing Combustion
Industrial Processes
Fluorinated gases
Commercial Services
Waste
Public Services
Total

19.85
12.56
12.29
6.05
4.56
2.15
1.27
0.99
0.96
0.87
61.55

32.3
20.4
20
9.8
7.4
3.5
2.1
1.6
1.6
1.4
100

As part of the 2030 climate & energy framework, the European Commission has
targeted a 40% reduction in GHG emissions for the EU by 2030, compared to 1990
levels (EC, 2016). In addition to this target, it has been agreed that at least 32% of final
energy consumption in the EU as a whole will be provided by renewable energy by
2030, along with an energy efficiency target of 32.5% (EU, 2018). In Ireland, the EC
has set a 30% reduction target for GHG emissions by 2030 compared to 2005 levels
(EC, 2016). Reaching this target is unlikely to happen under current conditions
(Lanigan et al., 2018), meaning that further GHG mitigation measures are required. A
2
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study by O’Brien et al. (2014) reported that on-farm energy use accounts for
approximately 5% of GHG emissions in milk production, while Upton et al. (2013)
reported that approximately 12% of this energy use results from dairy farm electricity
consumption. Electricity consumption has associated CO2 emissions which contribute to
the farm’s GHG total. Since electricity consumption is directly related to how the farm
is set up and managed in terms of technology configuration, there exists opportunities
for reducing electricity related CO2 emissions using off the shelf technologies.
There are various measures which can be implemented on dairy farms to improve
profitability and reduce environmental impacts. In this study the focus was placed on
three key areas: efficiency through technology adoption, efficiency through
management practices, and reduction in primary energy through renewable generation.
These were chosen since their implementation is relatively simple for farmers i.e. they
mainly involve the purchase of off the shelf technologies and simple farm management
alterations.
To improve efficiency through technology adoption, there are a number of measures
which can be introduced including plate heat exchangers (PHEs) for milk precooling,
variable speed drives (VSDs) for milking machine vacuum pumps and solar thermal
water heating (STWH) and heat recovery (HR) systems for water heating. However,
information is required regarding which of these technologies, if any, are suitable for
specific dairy farms.
To improve efficiency through management practices, Upton et al. (2015b) and Shine et
al. (2018b) outlined the potential advantages of load shifting and demand side
management under dynamic electricity pricing conditions, with monetary savings

3
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achievable by altering milking start times (Upton et al., 2015b) and using hot and cold
thermal storage (Arteconi et al., 2012; Murphy et al., 2015). Modifying morning and
evening milking start times could also reduce both electricity costs and electricity related CO2
emissions (Upton et al., 2015b, 2014b). Electricity costs may be reduced as the electricity
consumption associated with both the milking and the subsequent milk cooling process could
potentially be shifted to times with cheaper electricity pricing, depending on the electricity tariff
used. Similarly, CO2 emissions associated with electricity consumption vary throughout the day
depending on the amount of renewable energy penetration and electricity demand on the grid at
a given time. For example, during periods of high electricity demand and low renewable energy
penetration on the grid a large percentage of the electricity generated for use by customers is
produced from fossil fuels, resulting in higher electricity related CO2 emissions. In contrast,
periods with low electricity demand and higher renewable energy penetration will result in
lower electricity related CO2 emissions. Therefore by shifting the times at which the milking
and subsequent milk cooling take place, the electricity associated with these tasks may produce
different amounts of CO2. The reductions in both costs and CO2 through the altering of milking
times would however involve altering deeply engrained farmer routines. According to a report
concerning customer behaviour during a smart metering trial in Ireland (CER, 2011), at
least 86% of customers from small and medium enterprises were willing to alter the
way they used their electricity if it resulted in lower electricity costs and proved helpful
to the environment. Hence, it is necessary to quantify any potential cost and electricity
related CO2 emission reductions associated with adjustments in milking start times,
while also taking into account how common these milking start times are for farmers
and therefore how likely they would be to change to less common milking start times. If
certain milking start times potentially reduced electricity related CO2 emissions,
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policymakers could provide financial incentives to encourage farmers to alter their
routines, in order to assist with national GHG mitigation.
Regarding the reduction in primary energy through renewable generation, technologies
such as photovoltaic (PV) systems and wind turbines may be used on dairy farms to
increase the farm’s renewable contribution, while also reducing electricity related CO2
emissions. However, like the energy efficiency measures listed above information is
required regarding the use of these technologies on specific dairy farms. This research is
important as there are stakeholders (such as dairy farmers and policymakers) that
require this information urgently - decision support is crucial in helping farmers to make
profitable and environmentally responsible decisions around technology selection and
management. It is also essential for informing policy around GHG emissions and
renewable contribution in the context of increased milk production levels and changing
European regulations regarding emissions, renewables and energy efficiency.

1.1 Problem Statement
As discussed above, an increase in dairy herd sizes and milk production has drawbacks
including greater emissions and the potential requirement for investment in new
technologies. Hence this can be considered both an economic and an environmental
problem for which a solution is needed. The optimal economic and/or environmental
dairy farm configuration is unknown, and a major issue with regard to finding the
optimal configuration is the fact that the every farm is different in terms of size,
equipment, scheduling and management. Hence optimisation is required to find this
optimal configuration on a farm-by-farm basis. It is also important to consider trade-offs
between economic and environmental criteria i.e. while it is desirable to reduce GHG
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emissions as much as possible, it should not be to the detriment of profitability and vice
versa. Furthermore, increasing profitability in an environmentally viable manner and
reducing emissions in an economically viable manner should be carried out in a way
that’s realistic and doesn’t interfere with the farmer’s working schedule, so this also
needs to be taken into consideration.
1.2 Research Objectives
The five primary objectives of this thesis were as follows, with each objective related to
one or more of the three key areas of investigation of this study, namely efficiency
through technology adoption, efficiency through management practices, and reduction
in primary energy through renewable generation:
1. Develop an optimisation method to maximise ROI on dairy farms, by comparing
relevant optimisation algorithms. This method should obtain the optimal farm
technology, management and electricity tariff combination for ROI maximisation. This
objective falls under the headings of efficiency through technology adoption and
efficiency through management practices.
2. Develop scalable models of HR, STWH and PV systems in order to assess their
potential in a dairy farming context from profitability, environmental and renewable
standpoints. These models will be used to demonstrate the methods listed in objectives
3–5. This objective falls under the headings of efficiency through technology adoption
and reduction in primary energy through renewable generation.
3. Develop a multi-objective optimisation method to optimise dairy farm technology,
management practices and electricity tariffs for maximisation of dairy farm net profit
and minimisation of farm electricity related CO2 emissions, as well as assessing trade-
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offs between these two factors based on a trade-off parameter. This objective falls under
the heading of efficiency through technology adoption
4. Carry out economic and renewable multi-objective optimisation of dairy farm
technology and management practices, to maximise farm net profit and maximise farm
renewable contribution based on a trade-off parameter. This objective falls under the
heading of reduction in primary energy through renewable generation.
5. Carry out multi-objective optimisation of dairy farm milking start times and
technology configuration to assess trade-offs between milking start times, farm
profitability and farm electricity related CO2 emissions, based on a trade-off parameter.
This objective falls under the heading of efficiency through management practices.

1.3 Research Methodology

Figure 1.1: Research methodology

This thesis is organised as follows, as illustrated in Figure 1.1: Firstly, in Chapter 2 a
comprehensive literature review in the area was carried out. In Chapter 3 a method
through which the optimal dairy farm configuration may be found was established by
7
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determining a suitable optimisation strategy (Objective 1). In Chapter 4 the influence of
renewable thermal technology (STWH and HR systems) on the optimal dairy farm
configuration was investigated. These systems were evaluated by developing models to
simulate their performance in a dairy farm context and employing these models to
assess optimal trade-offs between economic and environmental criteria (Objectives 2
and 3). In Chapter 5 the influence of renewable electrical technology (PV systems) was
investigated, which was differentiated from renewable thermal technology due to their
differing influences on dairy farm energy (i.e. thermal energy versus electrical energy).
PV systems were assessed by developing models to simulate their influence on dairy
farms in order to evaluate optimal trade-offs between economic and renewable criteria
(Objectives 2 & 4). Finally, as mentioned in the problem statement economic and
environmental optimisation needs to take into account the practicality of changing farm
management strategies from a farmer’s point of view. This practicality was taken into
account in Chapter 6 by finding optimal trade-offs between practicality of milking times
and economic/environmental criteria (Objective 5).

1.4 Statement of novelty
This is novel research as there is currently no optimisation method for dairy advisors,
policymakers and farmers regarding investments in dairy farm technology and changes
to farm management practices and electricity tariffs. Moreover, no method exists which
takes into account the influence of energy efficient and renewable technologies such as
VSDs, PHEs, STWH systems, HR systems and PV systems on farms in order to
maximise profitability, minimise electricity related CO2 emissions, maximise renewable
contribution or optimise milking start times. Similarly, no platform exists for multi-
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objective optimisation on dairy farms encapsulating combinations of these four
performance criteria.
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Chapter 2 Literature Review
2.1 Energy use, energy efficiency and renewable technologies on dairy farms
2.1.1 Energy use and energy efficiency on dairy farms
Dairy farm energy use consists of direct and indirect energy use. Direct energy use is
that used on-farm, while indirect energy use is that required to produce farm inputs such
as animal feeds (Upton et al., 2013). Many studies which quantified energy use on dairy
farms have been carried out, both in Ireland and elsewhere. Upton et al. (2013)
performed a life cycle energy assessment on 22 pasture-based Irish dairy farms, with a
minimum, mean and maximum herd size of 47, 118 and 290 cows respectively. On
average 2.36 MJ of energy were required in the production of one kilogram of fat- and
protein-corrected milk, with 80% of this energy being indirect energy versus 20% direct
energy. Electricity consumption made up the largest portion of direct energy use (60%)
and 12% of total energy use. This was the third largest contributor to total energy use
behind chemical fertiliser application (57%) and production/transport of concentrate
feed (21%). The remaining contributors to total energy use were liquid fuels (8%) and
other items such as seeds and herbicides (2%). Murgia et al. (2013) calculated the
energy consumption associated with the use of electricity on 20 dairy farms in Italy,
with a minimum, mean and maximum herd size of 158, 320 and 500 cows respectively.
They found that electricity consumption made up 30% of direct energy use, half as
much as the 60% of direct energy use on Irish farms reported by Upton et al. (2013).
Todde et al. (2018) reported on the direct energy use of 285 dairy farms in Italy, using a
survey of electricity, diesel and gas consumption on-farm. They found that electricity
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consumption made up 27% of direct energy use, similar to that reported by Murgia et al.
(2013).
Average on-farm electricity consumption in Ireland totalled 42.3 Watthours per litre of
milk harvested (Wh/L) (Upton et al., 2013). The range in consumption was between
23.03 and 76.29 Wh/L. Milk cooling was the process which consumed the most
electricity (average 31% of total), with milk cooling electricity consumption varying
depending on whether a direct expansion (DX) milk cooling system or ice bank (IB)
milk cooling system was used. Water heating was the process which consumed the
second highest portion of electricity (23%), followed by milking (20%), pumping water
(5%) and lighting (3%). The consumption of miscellaneous processes such as winter
housing systems, air compressors and backing gates comprised 18% of the total
electricity consumption. Kraatz (2012) found similar results for dairy farms in
Germany, with milk cooling, water heating and milking being the main electricity
consuming processes. Rajaniemi et al. (2017) reported milk cooling and water heating
were the two largest electricity consuming processes (22% and 16% of total) on Finnish
dairy farms, however this study only used two farms to gather their information. Jäkel
(2003) reported electricity consumption of approximately 92.7 Wh/L in Germany, more
than twice that calculated by Upton et al. (2013) for Ireland. Edens et al. (2003)
measured electricity consumption over a 14 year period on a United States dairy farm
with a herd size of 160 cows, with the average consumption over the period analysed
totalling approximately 67.5 Wh/L. Rasmussen and Pedersen (2004) reported electricity
consumption on three Danish dairy farms of between 18.4 and 36.9 Wh/L. In Sweden,
Nilsson and Påhlstorp (1985) reported electricity consumption between 58.3 and 135.9
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Wh/L, while Hushållningssällskapet (2003) reported consumption between 77.7 and
116.5 Wh/L and Hörndahl (2008) reported consumption of 45.9 Wh/L.
It is clear from the studies listed that there is a large variation in electricity use per litre
of milk between studies and from farm to farm within each study. The reason for such a
large variation is the amount of different types of equipment available to farmers, as
well as varying management practices and cow milk production. For example, regarding
milk cooling, Upton et al. (2013) found that ice bank milk cooling systems used
between 16.00 Wh/L and 21.77 Wh/L, whereas direct expansion milk cooling systems
used between 6.38 Wh/L and 15.89 Wh/L. Other factors such as the use of precooling
systems for milk cooling, electricity/oil/gas systems and heat recovery units for water
heating, variable speed drives to reduce milking machine electricity use and different
types of lighting in parlours can all affect the Wh/L figures of a particular farm, as can
the efficiency of the equipment. The amount of time cows spend indoors can also have
an effect on these figures as more time spent indoors results in more electricity being
used for lighting as well as manure scrapers. The variation in weather conditions
between countries affects the amount of time cows spend indoors, while the coefficient
of performance of cooling systems would also vary depending on weather conditions.
Furthermore, the amount of milk produced per cow will likely vary from farm to farm
which affects the Wh/L figures.
Regarding strategies for reducing dairy farm electricity consumption, Rajaniemi et al.
(2017) reported that electricity savings associated with milk cooling of approximately
30% could be achieved through strategies such as installing milk precooling systems,
improving the ventilation of the parlour and moving the refrigeration condenser outside
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to improve the milk cooling system coefficient of performance (COP). Ludington and
Johnson (2003) reported reductions of 15% in milk cooling electricity consumption
after the installation of a milk precooling system which cooled milk prior to its entry
into the milk bulk tank. Rajaniemi et al. (2015) reported a decrease in milk temperature
from 37°C to 17ºC when precooling milk using a PHE with a 1:1 water to milk flow
ratio, resulting in a 50% reduction in milk cooling electricity consumption. Upton et al.
(2010) recommended water to milk flow ratios of between 1:1 and 3:1 with the optimal
ratio dependent upon the size of the PHE and specifications of the milk pump. Dunn et
al. (2010) reported milking machine electricity savings of 40 – 50% through the
installation of VSDs in the United Kingdom. The installation of VSDs reduces the
milking machine electricity consumption by varying the speed of the motor on the
milking pumps in order to balance the rate of air flow removed from and admitted to the
system. Reductions in milking machine electricity consumption of between 56% and
65% due to VSDs have also been reported by Ludington et al. (2004), Morison et al.
(2007) and Upton et al. (2010). Further efficiency measures for dairy farms include HR
systems, STWH systems, PV systems and wind turbines, all of which have previously
been used in a dairy context as described below.
2.1.2 HR systems on dairy farms
A previous study investigated the use of a HR system to heat water on a 130 cow dairy
farm (Griswold & Hellickson, 1984), and reported a reduction of 53% in water heating
electricity consumption. However, this study was farm specific. Stinson et al. (1987)
analysed HR systems using an experimental rig based on a 210 cow dairy farm,
deducing that HR systems would be more economically feasible on larger farms. This
analysis was not generalizable however, since no models were created and it was
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specific to one farm size. Peebles et al. (1993) investigated the effect of HR and
precooling of milk on four farm sizes using a modular computer model. The models
used in Peebles’ work were however based on a TRNSYS model rather than
experimental data, while the work was primarily focused on electrical energy savings of
HR systems rather than their economic feasibility. Kammel and Patoch (1993)
measured the electricity consumption of both the water heating system and milk cooling
system on 74 dairy farms for approximately one month before and after the installation
of HR systems on each farm. The herd size of the farms in the study ranged from 29 to
120 cows with an average of 53 cows, while the annual milk production ranged from
194,000 litres to 1,100,000 litres with an average of 361,000 litres. Across the 74 farms,
water heating electricity consumption reduced by an average of 48.1% and milk cooling
electricity consumption reduced by an average of 6.6%. While this study focused
primarily on reductions in electricity consumption associated with HR, it did not
provide a comprehensive analysis on the ROI of these systems, while the size of farm
examined was relatively small. Sapali et al. (2014) carried out experiments on a HR
system for dairy farms, by cooling three different quantities of milk in a bulk tank
(500L, 750L and 1,000L). The quantity of heat recovered for heating water varied
between 53% and 65% of the total heat lost by the milk. This study did not create HR
models or take into account the effect of installing HR on the economic performance of
the farm. Cuomo et al. (2018) investigated the use of HR on dairy farms in Canada,
however the scope of this study was limited as it concerned one farm type - those that
used absorption refrigeration technologies for milk cooling. The study also did not
perform an economic analysis on HR systems. HR has also been investigated in a
number of industrial dairy processes. Murr et al. (2011) used heat pumps to recover heat
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from wastewater at a dairy factory. Atkins et al. (2011) investigated the recovery of heat
from milk powder spray dryer exhausts in the dairy industry, while Atkins et al. (2012)
examined the use of HR from multiple heat sources to heat a stratified water tank at a
large dairy factory. However the HR feasibility results from these studies are difficult to
compare with results from dairy farms.
2.1.3 STWH systems on dairy farms
Previous research by Carpenter et al. (1986) assessed the use of a STWH system on a
UK dairy farm, deducing that they were not economically feasible due to their high
installation cost. Comparable results were presented by Morison et al. (2007) for a New
Zealand dairy farm. However, both of these studies were specific to one dairy farm and
the economic return on STWH technologies depends on other on-farm equipment which
varies for different farms. Similar results were presented by Upton et al. (2015a),
however this study assumed a 45% reduction in water heating electricity costs upon
addition of a STWH system. Gunter and Smathers (1984) determined the optimal size
of a STWH system to use for water heating on a Georgia dairy farm, under different
fuel pricing scenarios. Gunter and Smathers’ research was tested on one dairy farm and
did not consider the influence of various other on-farm equipment and management
practices when conducting an economic analysis. Moreover, the results described are
likely outdated as the experiments were carried out between 1980 and 1981. Sharma et
al. (2017) focused on the effectiveness of STWH for the reduction of CO2 emissions in
the dairy industry. Altoé and Oliveira Filho (2010) analysed the use of STWH systems
on dairy farms in Brazil, with herd sizes between 20 and 40 cows. However this
analysis did not take into account overall farm electricity consumption and assumed
very large quantities of water were required for sanitation, significantly higher than
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those recommended by O’Brien (2008). Pilatowsky et al. (2004) examined the use of
STWH systems on dairy farms in Mexico, however the scope of this study was limited
as it related to STWH systems being employed for absorption refrigeration milk cooling
systems on small rural farms. Further studies concerned the use of STWH systems for
various dairy processes (Allouhi et al., 2017; Anderson and Duke, 2007; Atkins et al.,
2010; Bühler et al., 2016; Cocco et al., 2016; Li et al., 2017; Quijera et al., 2011;
Quijera and Labidi, 2013; Schnitzer et al., 2007; Suresh and Rao, 2017). However the
STWH feasibility results from these studies are difficult to compare with results from
dairy farms, since hot water is used primarily for sanitation on dairy farms while in the
studies mentioned it may also be used for other purposes.
2.1.4 PV systems on dairy farms
Previous research by Nacer et al. (2016b) assessed the feasibility of PV systems on
seven dairy farms and found the optimal PV system size to meet each farm’s electricity
demand. A similar analysis was performed by Nacer et al. (2016a) whereby wind
turbines were considered along with PV systems for meeting demand on the same seven
farms. Nadjemi et al. (2017) implemented an optimal sizing procedure for PV systems,
wind turbines and batteries on dairy farms. Nacer et al. (2014) determined the most
economically optimal PV system for use on a 26 cow dairy farm while also assessing
the GHG mitigation potential of the PV system. However, all of the above studies
utilised static load profiles for total farm electricity consumption. Therefore no models
were used to simulate electricity consumption and hence the potential for load shifting
and alternative equipment choices and how they influence PV system performance was
not possible.
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Bey et al. (2016) found the optimal PV system size for one farm to reduce its reliance
on purchasing electricity from the grid. The optimal water pumping and lighting
systems on the farm were also found. However, no analysis was carried out to find the
optimal milk cooling system, water heating system or milking machine configuration,
with these being the three largest energy consumers on dairy farms (Upton et al., 2013).
Furthermore, the PV system simulations were based on an assumption regarding
module efficiency rather than a validated model. Zhang et al. (Zhang et al., 2018)
assessed the use of PV systems on 11 dairy farms in China, however the study focused
primarily on PV water pumping systems for irrigation to produce feed for cows and did
not take into account the use of PV for mitigating the electricity consumption of onfarm processes such as milk cooling, water heating etc.
De Blas et al. (2003) analysed the performance of a PV system providing electricity to a
dairy farm milk cooling system, with the analysis focusing primarily on the milk
cooling system rather than the total electricity consumption of the on-farm processes
including water heating and the milking machine. Hence the results associated with the
study were not generalizable. In an Irish context, Wrixon (1984) evaluated the
performance of a PV system on a dairy farm on Fota Island, Cork, Ireland, while
McCarthy (1986) developed a model to optimise the performance of a 50kWp PV
system on a 250 cow dairy farm in Ireland. The use of load shifting and the installation
of a different size of battery were identified as potential measures to improve the
performance of the system in McCarthy’s research. However these analyses by Wrixon
and McCarthy were not generalizable, since the work focused on one specific farm and
the results are likely outdated.

17

Literature Review

Simola et al. (2018) investigated the use of various PV system sizes on a Finnish dairy
farm. The farm in question had an annual electricity consumption of 133 MWh. Since
no feed-in tariff was included in the analysis, results indicated that the most profitable
PV system for the farm was a 28kWp system, which ensured the farm consumed 98%
of the PV output. Other larger systems were also investigated (56kWp and 76kWp),
however these resulted in the farm consuming much less of the PV output (80% and
68% respectively) and hence were less profitable due to PV leakage and the lack of a
feed-in tariff. The study by Simola et al. however used a static load profile for the farm
i.e. different configurations of on-farm equipment were not investigated to take
advantage of load shifting. López Pinto et al. (1983) determined the minimum PV size
to meet the electricity demand for three rural case studies in Spain, including a 60 cow
dairy farm. However, the results of the studies by López Pinto are likely outdated as
they were derived in the 1980s. Foster (2015) and Foster et al. (2017) investigated the
use of PV systems for milk cooling on very small dairy farms in Kenya, while
Alabdulkarem et al. (2015) performed a similar analysis for larger farms in Kenya and
India. While both of these analyses showed positive results in terms of successfully
using PV systems to cool milk in remote areas where a grid connection may not be
available, they provide little information regarding the economic or environmental
implications of installing PV systems on dairy farms. Malagnino (2015) assessed the
performance of three PV systems at a dairy farm in Italy, however the study was
focused primarily on the individual performance of the PV systems and did not analyse
farm electricity consumption or the economic or environmental implications of using
PV on farms. Aicha et al. (2014) proposed a methodology for optimally sizing a PV
system for a small dairy farm in Algeria, however the study used a static load profile for
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the dairy farm with no potential for load shifting. Authors have also examined the
potential for PV systems in dairy processes, including cheese making (Coca-Ortegón et
al., 2017), and pasteurised milk/cream/yogurt processing (Wallerand et al., 2018).
However the results of these studies are difficult to interpret since they are not
concerned with dairy farms.
2.1.5 Wind turbines on dairy farms
There have been several publications which investigated the use of wind turbines in a
dairy farming context. From an Irish perspective, Breen et al. (2015) examined the use
of a 10kWp wind turbine an Irish dairy farm using four different equipment
configurations which varied the times at which electricity was consumed throughout the
day. The study by Breen et al. is included in full in Appendix A. This study used
validated models for dairy farm electricity use and wind turbine electricity output. It
presented annual monetary savings when using the 10kW turbine on each of the four
farm configurations. Based on the annual savings found, payback periods of 40-50 years
can be expected for wind turbines, while in order for wind turbines to pay back in 10
years a feed in tariff of approximately €3.75 per kWh would be required. This feed in
tariff is unrealistic and there is currently no feed-in tariff available in Ireland for
exported electricity from wind turbines, implying that the initial capital cost of turbines
needs to drastically reduce in order for turbines to be financially feasible for Irish dairy
farms. Also in an Irish context, Kealy (2014) reported long payback periods of more
than 20 years for wind turbines installed on dairy farms. Houston et al. (2014) evaluated
the use of 10kWp and 25kWp wind turbines on dairy farms in Canada by using a farm
load profile generated through the measurement of electricity consumption on a 95 cow
dairy farm over a 3 day period. It was found that the 10kWp turbine and 25kWp turbine
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had payback periods of 24 and 11.3 years respectively. However, the simple payback
method used in the study by Houston et al. can be misleading due to decreases in the
value of money over time as well as potential fluctuations in electricity prices. Hence
the actual payback period of the technologies is likely longer than those found using the
simple payback method. Harsh et al. (2010) assessed the economic feasibility of wind
turbines on a 250 cow dairy farm in the USA, determining that without grant aid the
purchase of a wind turbine is a poor investment choice for a dairy farmer. McGowan
and Wendelgass (1981) studied the potential economic feasibility of wind turbines on
dairy farms throughout the United States, deducing that wind turbines were only
economically feasible in regions with very high energy prices. Lukuyu et al. (2019)
assessed the economic feasibility of off-grid wind turbines with battery storage for dairy
farms with various milk cooling capacities in East Africa. It was found that wind
turbines were not economically feasible, and were in fact the least economically feasible
of a number of renewable technologies for most of the milk cooling capacities
examined. Mudasser et al. (2015) investigated the use of hybrid wind-biogas systems on
an archetypal dairy farm at three locations in Canada. Three sizes of wind turbine were
considered (20 kWp, 35kWp and 50kWp) and simulations were carried out both with
and without a feed-in tariff in place. It was found that without a feed-in tariff none of
the wind turbines were economically feasible at any of the locations considered. With a
feed-in tariff in place wind turbines were economically feasible at one of the locations
due to the high wind speeds at the location in question. However they were still not
feasible at the other locations despite the feed-in tariff. In order to compare the wind
speeds between Canada and Ireland for the purpose of this study, the wind speed from
the three Canadian locations examined by Mudasser was compared to that of Ireland,
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based on six years of Irish wind data from six locations discussed in Section 4.2.4.2. It
was found that the wind resource from the location with the highest average wind speed
of the three Canadian locations was approximately 3.5 times that of Ireland. Using the
methods from Breen et al. (2015) and altering the data inputs to increase the wind speed
values by a factor of 3.5, it was found that the payback periods on wind turbines were
still in the region of 25-30 years. This further illustrates the infeasibility of wind
turbines in Ireland from an economic point of view. It was also shown in Breen et al.
(2015) that a 12kWp PV system produced more than three times the electricity that a
10kWp wind turbine produced under Irish conditions. Hence it can be assumed that
greater environmental gains (in terms of electricity related CO2 emissions) may be
realised through the use of PV systems over wind turbines on Irish farms. This however
requires further investigation. While this body of work is concerned with the
environmental impact of renewable technologies, the aforementioned poor financial
performance of wind turbines coupled with inferior environmental performance to PV
systems justifies its exclusion from the study.
2.1.6 Biogas on dairy farms
Anaerobic Digestion (AD) is a process which breaks down biodegradable material such
as animal slurries and grass silage to produce biogas. There has been widespread use of
AD systems in an agricultural context throughout Europe in countries such as Germany,
France, the United Kingdom, Sweden, Switzerland, Denmark and the Netherlands
(Hijazi et al., 2016). However, the amount of AD systems in Ireland is relatively low,
despite the country’s high potential for biogas production (Rajendran et al., 2019).
According to a number of recent studies (Auer et al., 2017; McDonnell et al., 2018;
Rajendran et al., 2019), without sufficient government support AD will not financially
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feasible for farmers in Ireland. From May 2010 to December 2015, the Irish government
accepted applications to the Renewable Energy Feed-in Tariff (REFIT) scheme
(DCCAE, 2013), which offered a feed-in tariff (FIT) for electricity exported from AD
plants. However from 2016 onwards no FIT was offered for AD systems.
Ní Ruanaigh & McGrory (2011) investigated the use of cooperative AD plants in
Ireland, whereby a number of farms in close proximity to each other invest in a
centralised AD plant and collectively supply the waste. However it was found that these
would not be financially feasible, despite the implementation of the REFIT scheme,
while according to DCMNR (2007), the transport of waste to centralised plants would
not be economically viable for the majority of farmers. O’ Connor et al. (2019)
examined the economic feasibility of installing standalone small-scale AD systems for
five different dairy farms in Ireland, with co-digestion of cow manure and grass silage
being employed on each farm. Results showed that for farm sizes of 50 and 100 cows
i.e. the sizes most relevant to the current Irish average of 76 cows (Kelly et al., 2017),
the payback periods were 27 and 16 years respectively. Payback periods for larger farm
sizes (150, 200, and 250 cows) were between 10 and 13 years. However the economic
analysis in O’ Connor’s study included the use of the REFIT scheme and did not take
into account increases in electricity costs, interest or value of money over time, hence
these payback periods are likely to be significantly higher.
The fact that the REFIT scheme ended in 2015, coupled with the results of the studies
by Ní Ruanaigh & McGrory (2011) and O’ Connor et al. (2019) which included the
REFIT scheme yet still forecasted poor economic returns for AD, show that the use of
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AD in Ireland is not viable in the current climate. Hence it was decided to exclude AD
as option from this study.

2.2 Optimisation, energy modelling and decision support systems in the
dairy sector
2.2.1 Optimisation in the dairy sector
As discussed in Chapter 1, currently there is an emphasis on increasing milk production
and reducing environmental impacts in the dairy sector in Ireland. With this in mind, it
is of great importance that dairy farms’ monetary costs and GHG emissions are as low
as possible. A potential solution to the problem of maximising farm profit and
minimising farm emissions is the use of optimisation techniques.
Mayer et al. (1996) optimised variables such as area of pastures, forage type, and type
and level of cow supplementation to maximise profitability at a dairy farm in
Queensland, Australia. Doole et al. (2013, 2012) developed the Integrated Dairy
Enterprise Analysis (IDEA) model based on a New Zealand dairy farm. This model
split the dairy farming season into two-week blocks and optimised the farm’s operating
profit. Decision variables included those relating to operational decisions on the farm
such as the type and quantity of feed as well as the stocking rate. The IDEA model has
been widely used in other studies relating to farm economic performance (Doole, 2015),
the reduction of farm greenhouse gas emissions (Adler et al., 2015; Doole, 2014a),
supplementary feeding (Doole, 2014b) and stocking rates (Doole and Romera, 2013;
Romera and Doole, 2016, 2015). Dowson et al. (2019) used as similar approach as the
IDEA model but included volatility of weather conditions and milk price in the
scenarios examined.
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Mosnier et al. (2017) created a model to optimise monthly decisions relating to herd
size, ration composition, pasture use, and the purchase of feed, in order to maximise net
profit on dairy and beef farms. Hart et al. (1998) optimised the use of the UDDER
model (Larcombe, 1989) for predicting the milk production of herds with different
calving patterns. The UDDER model assists farmers in making management decisions
and can select management systems with the goal of increasing farm profitability.
Variables including pasture growth, stocking rate, supplementary feeding, grazing
management, and fodder conservation were used within the UDDER model to predict
milk production and improve profitability. Other optimisation studies have focused on
optimising specific areas of the dairy farm both economically and environmentally,
such as the selection of milking parlour type (Gaworski et al., 2017), feed production
(Astuti and Raj, 2016), herd management decision making (DeLorenzo et al., 1992;
Demeter et al., 2011; Groenendaal et al., 2004; Mourits et al., 1999), route planning for
milk collection and dairy facility location (Jouzdani et al., 2013; Masson et al., 2016). In
terms of minimising greenhouse gas emissions on dairy farms, White (2016) adjusted
cow diet decisions to carry out GHG minimisation. Hosseinzadeh-Bandbafha et al.
(2018) optimised energy efficiency to assess its effect on farm GHG emissions.
Another approach to the problem of economic and environmental optimisation of dairy
farms has involved the use of multi-objective optimisation. Multi-objective optimisation
was defined by Osyczka (1985) as “the problem of finding a vector of decision variables
which satisfies constraints and optimises a vector function whose elements represent the
objective functions. These functions form a mathematical description of performance
criteria which are usually in conflict with each other. Hence, the term ‘optimise’ means
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finding such a solution which would give the values of all the objective functions
acceptable to the designer.”
Groot et al. (2012) developed the FarmDESIGN model for optimisation of mixed
farming systems (i.e. dairy and crops). The FarmDESIGN model evaluated the
economic and environmental performance of farms using a bio-economical model, and
generated a set of solutions based on a combination of four objectives. These objectives
concerned the maximisation of operating profit, minimisation of labour balance through
optimisation of labour resource allocation, maximisation of organic matter balance to
improve soil structure, and minimisation of nitrogen soil losses. Decision variables
included herd management decisions and choices relating to crop areas and destination
of crop products. The implementation of the model was demonstrated on a farm in the
Netherlands consisting of 76 dairy cows and various crops, with the model being shown
to produce a variety of alternative design options for the farm, improving profitability
and environmental performance. Herrero et al. (1999) assessed the impacts of feeding
strategies and grazing management on dairy farms in Costa Rica, using multi-objective
optimisation to assess trade-offs between maximising farm gross margin and
maximising the value of the farm’s capital assets. Naz et al. (2017) used multi-objective
optimisation to minimise electricity costs and carbon emissions in rural areas, taking
into account electricity consumption relating to dairy and crop farming. This study also
included the potential use of PV systems and anaerobic digestion. Vaklieva et al. (2005)
employed multi-objective optimisation to evaluate profit and environmental impacts of
a dairy plant for curd manufacturing, by assessing the trade-off between these objectives
while considering the quantity and composition of processed milk and the assignment of
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processing units. Fernandez-Ledesma (2015) used multi-objective optimisation to
minimise costs and production waste in a dairy plant.
Zhang et al. (2012) implemented multi-objective optimisation for a cooling, heating and
power microgrid on a dairy farm. The microgrid incorporated anaerobic digestion,
internal combustion engines, gas boilers, absorption chillers and a PV system with
battery storage. A portion of exhaust heat from the internal combustion engines was
recovered by a heat exchanger and the absorption chiller to provide hot water and
improve cooling. The goal of the multi-objective optimisation was to minimise
operating costs and maximise microgrid energy generation. Murr et al. (2011) used
multi-objective optimisation to optimise the use of heat pumps to recover heat from
wastewater at a dairy factory. The investment cost and operating cost were both
minimised in the optimisation procedure, with environmental impacts also being
included in the form of a carbon tax which added to the operating cost depending on the
amount of CO2 emissions at the facility.
2.2.2 Dairy energy modelling
Upton et al. (2014a) developed a mechanistic model for electricity consumption on
dairy farms (MECD). The MECD predicted annual electricity consumption, related
costs and related CO2 emissions for pasture-based dairy farms using a mechanistic
mathematical approach. The electricity consumption was divided into six main
categories; milk cooling, water heating, milking machine, water pumping, lighting and
scrapers. Details such as the number of cows milking, milk yield, milking start times,
specifications of the milk cooling equipment, water heating equipment, water pumping
equipment, milking machine, lighting and scrapers, were required as inputs to the
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model. The model also has the functionality to include energy efficiency measures such
as PHEs for milk precooling and VSDs to reduce milking machine electricity
consumption. The annual electricity consumption and related costs were represented by
a 12x24 matrix structure, with a representative hour for each month of the year. This
12x24 structure was constructed by calculating the milk cooling, water heating, milking
machine, water pumping, lighting and scraper electricity consumption in 24 separate
hourly time steps for one day per month, based on inputs relating to milk yield,
equipment specifications and farm management practices. Each of the electricity
consumption values in the 24 time steps was then scaled up by a factor of 28, 30 or 31
depending on the month of the year in question, resulting in 24 totalised hourly values
for that month. This was repeated for each month of the year resulting in a 12x24
matrix. The sum of all the values in this matrix equalled the total annual electricity
consumption of the farm. The model was validated using three farm sizes (small (45
cows), medium (88 cows) and large (195 cows)). The MECD was found to predict
annual electricity consumption with a relative prediction error of less than 10% on all
three farms, when compared to one year of measured electricity consumption on each
farm. This relative prediction error (<10%) indicates excellent prediction accuracy
according to Fuentes-Pila et al. (1996).
Murphy et al. (2013) developed a milk cooling control system, varying the flow rates of
ground water and ice chilled water in a dual stage PHE. Two proportional integral
derivative controllers were implemented in order to minimise milk cooling electricity
cost per litre by varying the flows of groundwater and ice chilled water through the dual
stage PHE. Various water pumping prices were considered in the analysis.
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Todde et al. (2017) developed a model to predict annual electricity consumption on
dairy farms using experimental data from 285 farms in Italy. The models developed
were regression based and considered herd size, number of lactating cows, land area and
milk production for electricity consumption predictions. The model by Todde et al.
predicted electricity consumption with a relative prediction error of 11.42%, which was
considered satisfactory. Edens et al. (2003) developed regression models to predict the
electricity consumption of dairy farm vacuum pumps, refrigeration compressors, water
heaters, and air compressors, as well as the total consumption of the components
mentioned. Data from a 160 cow farm relating to the amount of milk produced, number
of lactating cows, milk composition and ambient temperatures over a 14 year period
were considered for electricity consumption predictions. Edens et al. found that a
regression model involving only the amount of milk produced and number of cows
explained 62% of the variability in total energy use of the parlour, with a p-value less
than 0.001. Kraatz (2012) analysed energy intensity on German dairy farms based on
results from previous studies by Edens et al. (2003), Clausen (2000) and Jäkel (2003).
Sefeedpari et al. (2014) predicted dairy farm energy use in Iran using two models, an
adaptive neural-fuzzy inference system (ANFIS) model and a linear regression model.
Data from 50 dairy farms relating to fuel and electricity consumption between 2011 and
2012 were considered for the model, with the ANFIS and linear regression models
resulting in very low mean absolute percentage errors of 0.7% and 1.4% respectively.
Shine et al. (2018a) developed multiple linear regression models for predicting the
electricity consumption of dairy farms based on data collected from 58 farms. The
models considered herd size, milk production, frequency of hot wash, number of air
compressors, use of groundwater for milk precooling, type of milk cooling system and
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water heating system size. The most accurate model developed by Shine et al. was
capable of predicting monthly electricity consumption with a relative prediction error of
26.1%. This was considered to be a poor prediction accuracy, however the strength of
agreement between measured and predicted electricity consumption values was
considered substantial when taking into account the concordance correlation coefficient
of 0.85.
2.2.3 Decision support in the dairy sector
Several methods for decision support on dairy farms have been outlined in Section 2.2.1
and 2.2.2 (Groot et al., 2012; Hart et al., 1998; Larcombe, 1989; Mosnier et al., 2017;
Naz et al., 2017). Other decision support systems were developed by Zucali et al.
(2016), who used a scoring system to assist with dairy farm decisions, and Meul et al.
(2014), who investigated the use of life cycle assessment for environmental related
decisions on dairy farms. However these decision support systems did not consider
technology and management practices associated with the main electricity consuming
processes on dairy farms (milk cooling, water heating, milking machine), or the impact
of dynamic electricity tariffs. The MECD mentioned in Section 2.2.2 was used in a
further study relating to the investment potential of different types of equipment for use
on dairy farms such as VSDs and PHEs (Upton et al., 2015a). The importance of dairy
farm infrastructure selection and management was emphasised by investigating various
hypothetical dairy farm technology investments. Combinations of different milk cooling
systems, STWH panels and VSDs were assessed to determine their investment
potential. Factors such as farm size, equipment capital costs, electricity prices and milk
prices were investigated in addition to the aforementioned technology combinations.
The ROI for these investment scenarios varied from -35% to +57%. The large variation
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in ROI values illustrated that selection of technology investments for dairy farms, as
well as the size of the farm in question and prices of equipment, electricity and milk,
can greatly affect the economic performance of the farm. The MECD was also used in a
study relating to the impacts of electricity pricing structures on dairy farms (Upton et
al., 2015b) which along with a study by Shine et al. (2018b) outlined the potential
benefits of load shifting and demand side management on dairy farms under dynamic
electricity pricing conditions, with monetary savings achievable by changing milking
start times (Upton et al., 2015a) and using hot and cold thermal storage (Arteconi et al.,
2012; Murphy et al., 2015). It was demonstrated that the adjusting of morning and
evening milking start times could potentially reduce the total annual farm electricity
costs by between 5% and 39%, depending on the size of farm and electricity tariff used.
The milking start times which resulted in the largest annual electricity cost reductions
were 05:00 and 20:00 respectively. However, using these milking start times may
necessitate significant changes to farmers’ routines. Furthermore, it was previously
established that CO2 emissions arising from electricity consumption vary depending on
the time of day and time of year (Upton et al., 2014b). Hence there may be also be
potential for reducing dairy farm electricity related CO2 emissions by adjusting morning
and evening milking start times.
2.3 Modelling techniques for renewable technologies
2.3.1 PV, STWH, and HR system modelling
Regarding the modelling of PV systems to simulate their energy output, generally PV
models are represented by an equivalent electrical circuit. PV cells are semiconductor
diodes with a p–n junction which is exposed to light. The light produces charge carriers
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that generate electric current. Hence the equivalent circuit used for PV modelling
consists of a current source, one or two diodes and resistances (Jena and Ramana,
2015). The models use weather data such as irradiance, ambient temperature and wind
speed as inputs. They then produce equivalent electrical circuit parameters as outputs,
which can be used to infer the current, voltage and electrical power production of the
PV system for any set of weather values. Two of the most commonly used PV models
are the single diode and two diode models. Electrical parameters of single diode models
include PV current (Ipv), diode saturation current (Io), diode ideality constant (a), series
resistance (Rs) and parallel resistance (Rp). Two additional parameters are included in
two diode models in the form of a second diode saturation current (Io2) and diode
ideality constant (a2). When implementing these models, correct estimation of the
parameters is crucial to model accuracy (Jordehi, 2016). Since the number of equations
used for calculation of model parameters is usually less than the number of unknown
parameters, estimation techniques such as metaheuristics and analytical methods have
been used to determine parameter values for various PV systems (Jordehi, 2016). Single
diode models have been successfully created and implemented in various studies (Bai et
al., 2014; Chatterjee and Keyhani, 2011; Chouder et al., 2012; De Soto et al., 2006;
Ding et al., 2014; Ma et al., 2014; Peng et al., 2014; Toledo and Blanes, 2014; Villalva
et al., 2009; Wang and Hsu, 2011; Xu et al., 2014), while two diode models have also
been widely applied (Babu and Gurjar, 2014; Di Vincenzo and Infield, 2013; Elbaset et
al., 2014; Ishaque et al., 2011). Other PV models neglect the parallel resistance value
which reduces the complexity of the model (Chakrasali et al., 2013; Chuen Kong et al.,
2012; Khezzar et al., 2014). Some studies employ ideal diode models which neglect
both the series and parallel resistances, however these ideal diode models may not
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provide the accuracy obtained by other more complex models. (Petreus et al., 2008;
Saloux et al., 2011; Xiao et al., 2013). Many software tools are also available online for
simulation of PV system outputs based on real weather data, such as HOMER (HOMER
Energy, 2019), PVSYST (PVSYST, 2019) and the European Commission’s PVGIS
(EC, 2019). These have been widely used for studies relating to the feasibility of PV
systems from both an economic and environmental standpoint, and have been employed
by several dairy-related studies (Aicha et al., 2014; Alabdulkarem et al., 2015;
Malagnino, 2015; Nacer et al., 2016b, 2014; Simola et al., 2018; Zhang et al., 2018).
Many authors have developed physics-based models of STWH systems, such as the
Hottel-Whillier-Bliss model (Duffie and Beckman, 2013), which is among the most
popular. The simpler model developed by Buzás et al. (1998) has also been widely used.
Hilmer et al. (1999), Hossain et al. (2011) and Tagliafico et al. (2014) described several
mechanistic modelling techniques for STWH systems, while Mossallat et al. (2013)
demonstrated the use of MATLAB and Simulink to simulate STWH performance.
Various physics-based mechanistic models of HR systems have also been proposed,
such as those by Gong et al. (2012), Lee and Jones (1997), Qiu et al. (2019) and Su et
al. (2017). Despite the more widespread use of mechanistic models for the simulation of
PV, STWH and HR systems, multiple linear regressions models may also provide
accurate representations of these systems (Chuen Kong et al., 2012; Kicsiny, 2015;
Larsen et al., 2014; Trigo-González et al., 2019), while their computational demand is
very low (Kicsiny, 2015).
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2.3.2 Statistical methods
2.3.2.1 Multiple linear regression modelling
Multiple linear regression (MLR) models define a linear relationship between multiple
predictor variables for the prediction of a single dependent variable. They describe the
best fit line which minimises the sum of squares error of the vertical deviations from
each of the observed data points to the line.
MLR models are of the general form (Kutner et al., 2005):
Y = c + β1 X1 + β2 X2 + ⋯ + βn Xn ,

(2.1)

Where Y is the dependent variable, c is the constant term, β1, β2 ,… βn are the MLR
coefficients for the nth variable, X1 , X2 ,… Xn are the independent variable values for the
nth independent variable.
To develop an MLR model four primary assumptions related to model residuals must be
satisfied to minimise the probability of inaccuracy (Ngo, 2012);


All predictor variables should be independent from one another while also being
linearly correlated with the dependent variable.



Standardised model residuals should be normally distributed about zero.



Standardised model residuals should be random.



No autocorrelation should be present amongst model residuals.

Prior to MLR model development, the presence of multicollinearity within the
independent variables should be investigated, with collinear independent variables
being eliminated through stepwise iterative Variance Inflation Factor analysis as
described by Shine et al. (2018a). Once collinear variables are removed, all subsets
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regression may be performed to determine the optimal combination of the remaining
independent variables. All subsets regression is carried out by creating MLR models for
all possible independent variable combinations and selecting the optimal independent
variable combination based on a predetermined criterion. The number of possible
combinations of n variables can be represented as follows:
N = 2n − 1,

(2.2)

Where N = Number of possible combinations of variables, n = number of variables
analysed in all subsets regression.
Before the creation of MLR models, for each variable combination outliers in the data
may be removed using the Density Based Spatial Clustering of Applications with Noise
(DBSCAN) algorithm (Ester et al., 1996). This method was also employed in a dairy
context by Shine et al. (2018a).
2.3.2.2 Model validation
The accuracy of developed models may be assessed using stratified k-fold cross
validation, which has previously been used in the dairy domain by Shine et al. (2018a).
This procedure is implemented by dividing the data into k sections of equal size. An
iterative procedure is then applied whereby (k-1) sections of data are used to calculate
model coefficients. The model accuracy is then assessed using the remaining section of
data as a test set. The procedure is repeated a further (k-1) times, with a different section
being used as the test set each time. The model accuracy may then be determined using
the mean prediction performance across the k sections.
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Model accuracy may be measured using the mean square prediction error (MSPE),
which consists of mean bias (MB), line bias (LB) and random variation (RV) as defined
by Equation 2.3 (Bibby and Toutenburg, 1977).
𝑀𝑆𝑃𝐸 = (𝑀𝑀 − 𝑀𝑃 )2 + 𝑆𝑃 2 (1 − 𝑏)2 + 𝑆𝑀 2 (1 − 𝑟 2 ),

(2.3)

Where MM = Mean of measured values, MP = Mean of predicted values, SP2 = Variance
of predicted values, SM2 = Variance of measured values, b = Slope of the linear
regression of measured values on predicted values, r = Correlation coefficient of
measured values and predicted values.
A mean bias (MM – MP) greater or less than zero indicates that predicted values are
consistently larger or smaller than the measured values. A low line bias (1 − b) results in
the under-predicting of smaller measured values and over-predicting of larger measured
values, or vice versa, while the random variation around the regression line (1 − r2) is
high if model errors are due to random effects.
The root mean square error (RMSE), used to measure model accuracy (Bibby and
Toutenburg, 1977) was calculated as follows:
𝑅𝑀𝑆𝐸 = √𝑀𝑆𝑃𝐸

(2.4)

The lower the RMSE value between predicted and measured values, the greater the
accuracy of the model.
The relative prediction error (RPE) is a numeric representation of the RMSE as a
percentage of the actual data (Rook and Gill, 1990). It was calculated as follows:
𝑅𝑀𝑆𝐸
𝑅𝑃𝐸 = (
) × 100
𝑀𝑀
Where MM = the mean of the measured values.
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An RPE lower than 10% indicates a satisfactory prediction, from 10% to 20% a
relatively acceptable prediction, and greater than 20% a poor prediction (Fuentes-Pila et
al., 1996).
The concordance correlation coefficient (CCC) (Lin, 1989) assesses the strength of
agreement between measured and predicted values by comparing each value to the bestfit line (Pearson’s correlation coefficient) and 45º line, as follows:
𝐶𝐶𝐶 =

2𝑝𝑆𝑃 𝑆𝑀
2

𝑆𝑃 + 𝑆𝑀 2 + (𝑀𝑀 − 𝑀𝑃 )2

(2.6)

Where p = Pearson’s correlation coefficient between measured and predicted values,
MM = Mean of measured values, MP = Mean of predicted values, SP = Standard
deviation of predicted values, SM = Standard deviation of measured values.
CCC values higher than 0.90 indicate that the strength of agreement between measured
and predicted values is excellent, values between 0.80 and 0.90 that the strength of
agreement is substantial, values between 0.65 and 0.80 that the strength of agreement is
moderate and values smaller than 0.65 that the strength of agreement is poor (McBride,
2005).
Model bias may be assessed using the mean absolute percentage error (MAPE) as
follows:
𝑛

𝑀𝑗 − 𝑃𝑗
100
𝑀𝐴𝑃𝐸 =
∑|
|
𝑛
𝑀𝑗

(2.7)

𝑗=1

Where n = the number of measured/predicted values observed, Mj = measured value j,
Pj = predicted value j.
The model performance criteria MSPE, RMSE, RPE, CCC and MAPE have been used
in multiple previous agriculture related studies (Baudracco et al., 2013; Hanrahan et al.,
2017; Ruelle et al., 2015; Shine et al., 2018a; Upton et al., 2014a).
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2.4 Optimisation algorithms
2.4.1 Metaheuristic algorithms
Although there are numerous optimisation methods available, metaheuristics are
particular class of algorithm that identify areas of the search space with good quality
solutions while using randomisation to avoid getting trapped in local optima. The key
advantage to these algorithms is that “good” solutions can be obtained quickly relative
to other methods (Talbi, 2009). In a study on minimising costs associated with the
configuration of energy resources, Sousa et al. (2016) found that a metaheuristic method
could reach an optimal solution within 0.2% of the solution obtained by mixed integer
nonlinear programming (MINLP), in 0.06% of the time taken. Herrán et al. (2012)
compared the performance of metaheuristics to mixed integer linear programming
(MILP) and concluded that the metaheuristics were superior to a MILP algorithm in
terms of both solution quality and computational time. Ikeda and Ooka (2015)
demonstrated that, for the economic optimisation of energy system operating schedules,
various metaheuristic methods were able to obtain a solution very close to that obtained
by a mathematical optimisation method (dynamic programming (DP) (Bellman, 1957))
in a small fraction of the time taken by DP. Jiang et al. (2017) concluded that
metaheuristics are capable of better performance in terms of solution quality than
numerical methods such as least squares.
Common metaheuristic optimisation algorithms include ant colony optimisation,
artificial bee colony, artificial fish swarm, bat algorithm, cuckoo search, differential
evolution, evolutionary computation, genetic algorithm (GA), harmony search, iterated
local search, particle swarm optimisation (PSO), simulated annealing (SA) and tabu
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search (TS). More information relating to these algorithms and their characteristics,
implementation and configuration can be found in Bozorg-Haddad et al. (2017),
Hassanien and Emary (2015) and Talbi (2009).
To establish a suitable metaheuristic optimisation algorithm for a given problem,
various studies with comparisons of the performance and success of metaheuristic
algorithms have been published in the literature. For example, Niknam et al. (2005)
used the metaheuristics ant colony optimisation, differential evolution, GA, PSO and TS
to reduce the cost of operation of energy distribution networks, with PSO outperforming
other methods. TS was found to be the algorithm which provided the best solutions
compared to other metaheuristics when minimising costs for facility location problems
(Arostegui et al., 2006). Hasançebi et al. (2009) deduced that SA obtained the best
solutions for structural design in comparison to GA, PSO, TS, ant colony optimisation
and harmony search, while Manoharan et al. (1999) performed a similar analysis with
TS providing the best results compared to SA and GA. In the study by Jiang et al.
(2017), Particle Swarm Optimisation was found to outperform or provide similar results
to other metaheuristics such as the bat algorithm and cuckoo search algorithms. Krarti
and Tuhus-Stewart (2009) showed that GA was superior to other algorithms in
minimising building envelope cost. Bichiou and Krarti (2011) arrived at the same
conclusion for a similar study which included optimising the design of a heating and air
conditioning system. Maleki et al. (2017a) found that GA was the most suitable
metaheuristic algorithm when optimising the cost of a hybrid renewable energy system
including PV and wind, while the same author found PSO to be most suitable when a
STWH system was added to the hybrid system (Maleki et al., 2017b). Lopes et al.
(2018) compared the performance of PSO and GA for economically optimising the
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design of a water pumped storage system, deducing that PSO provided more consistent
results. A similar conclusion was drawn by Das et al. (2018) when optimising energy
load shifting for smart grid customers. Han et al. (2016) found that PSO was superior to
GA, artificial bee colony and artificial fish swarm for the economic optimisation of a
microgrid system. Other authors such as Jana et al. (2017) have shown positive results
when using GA and PSO compared to numerous other metaheuristics.
Through the examination of literature regarding the comparative performance of
metaheuristics in the optimisation of economic and environmental objective functions,
based on the studies listed above it is clear the GA, PSO, SA and TS have been
successful compared to other algorithms. All four have previously had limited
application to dairy related studies, but all have been applied successfully to cognate
studies involving the optimisation of an energy-related system or process such that an
economic or environmental objective function is maximised or minimised.
2.4.2 Genetic Algorithm
GA is a metaheuristic search algorithm first proposed by Holland (1975) based on the
principles of natural selection and genetics. Starting from an initial random population
of candidate solutions (first generation of solutions), the algorithm applies genetic
operators selection, crossover and mutation in order to produce offspring i.e. new
solutions which have better fitness values than those of the previous generation. Prior to
GA implementation, the parameters of the GA such as population size, type of
selection, type of crossover, crossover probability and mutation probability must be
established (Baker, 1985; Bernal-Agustín and Dufo-López, 2009; Caputo et al., 2008;
Glover and Kochenberger, 2003; Grefenstette, 1986).
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In terms of agricultural systems GA has been applied to the optimisation of a dairy
farm management model (Mayer et al., 1996), a beef herd dynamics model (Mayer et
al., 1999b), estimation of soil conductivity (Calixto et al., 2010) and the forecasting of
agricultural outputs (Ou, 2012). Kuntal et al. (2016) used a GA to minimise feed cost
for cows such that the dietary and nutritional requirements of the cows were met
satisfactorily, while Blumenstein et al. (2018) implemented GA to assess the economic
impacts of anaerobic digestion. In terms of non-dairy applications involving the
optimisation of energy systems and economic/environmental objective functions,
Koutroulis et al. (2006) used a GA to minimise the 20 year total system cost of a of a
standalone renewable energy system supplying power to a residential property in
Greece, by attaining the optimal configuration of the number of PV modules, wind
turbines and batteries therein. Yang et al. (2009) employed a GA to minimise the total
annual cost of a hybrid renewable energy system supplying power to a
telecommunications station. Bakhshi et al. (2014) applied a GA to find the optimal
number and arrangement of inverters to maximise the net present value of grid
connected PV systems. Dufo-Lopez et al. (2007) proposed the use of a GA to minimise
the net present cost of a standalone PV-wind-hydroelectric system with hydrogen
storage, by generating the optimal control parameters of the system. Caputo et al.
(2008) successfully applied a GA to the design of shell and tube heat exchangers, with
the objective of minimising the total present cost. Salmachi et al. (2013) maximised the
net present value of infill well projects by utilising a GA to acquire the optimal discrete
2D coordinates for well placement. Papaefthymiou and Papathanassiou (2014) used a
GA to maximise the ROI (by means of internal rate of return) of a hybrid power station
consisting of a wind farm with pumped storage hydroelectricity, by obtaining the
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optimal capacity of the pump station, hydro turbine, water reservoir and wind farm.
Tuhus-Dubrow and Krarti (2010) optimised building envelope design to minimise
energy use. Sanaye and Shirazi (2013) optimised the design of ice thermal energy
storage units for air-conditioning to minimise monetary costs, using a CO2–related
penalty cost to take into account environmental impacts. Lingireddy and Wood (1998)
economically optimised the design of variable speed pumping systems for water
distribution. Ansari et al. (2010) and Manolas et al. (1997) performed economic
optimisation on power and water cogeneration systems. Wang et al. (2018) used GA to
economically optimise the layout of chemical plants. GA has also been implemented in
the minimum cost design of heat exchangers (Azad and Amidpour, 2011) and power
plant cooling systems (Golkar et al., 2019).
2.4.3 Particle swarm optimisation
PSO is a metaheuristic optimisation technique motivated by the behaviour of flocks of
birds moving through the air. It was first introduced by Kennedy and Eberhart (1995).
The PSO algorithm involves a randomly generated group of individuals known as
"particles", which are potential solutions to the optimisation problem. The storing of
personal and global best particle values directs each particle towards more optimal
solutions in the search space. Prior to PSO implementation, the parameters of the PSO
such as population size, acceleration constant for the cognitive component, acceleration
constant for the social component, and maximum velocity must be established (Jin et
al., 2007; Montalvo et al., 2008; Shayeghi et al., 2010).
PSO has been applied effectively to cognate studies involving agricultural and energy
systems. Examples include PSO being used in the optimisation of harvester route
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planning (Sethanan and Neungmatcha, 2016), calibration of an agricultural water
quality model (Xi et al., 2015) and determination of mechanical resistance in soils
(Hosseini et al., 2016). Hakimi and Moghaddas-Tafreshi (2009) applied PSO to the
minimisation of the net present cost of a standalone hybrid energy system to meet the
energy demand of a village, by attaining the optimal sizes of wind turbines, fuel cells,
an electrolyser and a hydrogen tank. Kashefi Kaviani et al. (2009) utilised PSO to
minimise the annualised cost of a similar system, while also including the number and
installation angle of PV arrays, as well as DC/AC converter capacity, as optimisation
variables. Kyriakarakos et al. (2011) economically optimised the design of a hybrid
renewable system including PV and wind turbines. Paliwal et al. (2014) carried out a
similar analysis in the design of autonomous hybrid power systems, while also using a
monetary environmental criterion in the form of a monetary cost associated with carbon
emissions from diesel generators. Wang et al. (2010) employed PSO for the design of a
building heating, cooling and power system, by minimising the annual total system cost,
as well as optimising the system under energy saving and environmental criteria. Lee
and Kung (2008) applied PSO to minimise the life cycle energy cost in the design of a
heat pump system for an indoor swimming pool, with the type of boiler and compressor
being used as decision variables, as well as the mass flow of outdoor air and the
refrigerant evaporation temperature. Reche Lopez et al. (2008) proposed the use of PSO
to determine the optimal location for construction of a biomass fuelled distributed
power generation plant, taking into account variables such as the location’s density of
dry biomass and distance from the power plant to the electricity grid. Mandal et al.
(2008) utilised PSO to minimise fuel cost in a hydrothermal power system consisting of
four hydroelectric plants and three thermal power plants. Montlavo et al. (2008)
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implemented PSO to minimise the cost of a water supply network by optimising the
diameters of the pipes used in the network while meeting minimum pressure
requirements. Lee et al. (2009) optimised the operation of an air conditioning system to
minimise its life cycle costs. Hou et al. (2016) economically optimised the operation of
oil recovery processes in the oil industry. Ferrara et al. (2016) minimised life cycle costs
in the design of low energy buildings. Yousefi et al. (2017) and Chaniago et al. (2014)
economically optimised the design of a HR system in a biomass plant and in the
semiconductor industry respectively.
2.4.4 Simulated annealing
SA is a metaheuristic optimisation method which was proposed by Kirkpatrick et al.
(1983). It mimics the gradual cooling process, known as annealing, which improves
strength properties in metals. This controlled improvement of the solution is achieved
through the acceptance of non-improving moves with a certain probability. Prior to SA
implementation, the parameters of the SA such as initial algorithm temperature,
temperature reduction parameter and Markov chain length must be established
(Askarzadeh, 2013; Hanke and Li, 2000; Javidrad and Nouri, 2011; Patel et al., 1991;
Perea et al., 2008).
Similarly to GA and PSO, SA has been used successfully for cognate studies involving
optimisation of a system or process in the sphere of agriculture and energy. For
example, SA has been successfully implemented for optimisation of a dairy farm
management model (Mayer et al., 1996), a beef herd dynamics model (Mayer et al.,
1999a) and farm irrigation scheduling (Brown et al., 2010). Wang et al. (2016) applied
SA to minimise the total annual cost of a pressure-swing distillation process in the
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chemical industry, using nine decision variables relating to reflux ratios, pressures and
stages of the process. Peng and Cui (2015) utilised SA to minimise the total annual cost
of a network of heat exchangers for use in a chemical process. Wang et al. (2012)
applied SA to the optimisation of a heat exchanger network retrofit, by adapting the
retrofit such that total annual costs post-retrofit would be minimised. Ceranic et al.
(2001) implemented SA for the minimum cost design of cantilever retaining walls, by
finding optimal geometrical properties of the structures such as vertical wall width and
base depth. Askarzadeh (2013) utilised SA for the minimisation of the total annual cost
of a PV-wind hybrid system supplying power to a house in Montana, USA, by
determining the optimal number of PV panels, wind turbines and batteries required.
Ekren and Ekren (2010) and Maleki (2018) used SA to perform minimisation of the
total cost of a hybrid energy system. Balo and Sua (2018) minimised the cost of
insulation for buildings being heated by 5 different energy sources. Vilar and Affonso
(2016) optimised the electricity consumption of a household powered partially by a PV
system, by scheduling various household appliances such that the amount of the
household’s electricity demand met by the PV system was minimised. Angelim and
Affonso (2018) economically optimised the use of a PV system with battery storage on
a university campus. Carbonell et al. (2011) proposed the use of SA for the design of
reinforced concrete road vaults, implementing the algorithm to optimise the total cost of
the structure by altering forty nine design variables related to vault geometry, type of
concrete and bar reinforcement parameters. Perea (2008) used SA for a similar analysis
with similar design variables, for total cost minimisation in the design of reinforced
concrete bridge frames. Zhao and Gates (2015) optimised temperatures and pressures to
minimise costs in oil recovery operations. Elmitwally and Eldesouky (2013) carried out
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economic optimisation of the location and size of capacitor banks in electricity
distribution networks.
2.4.5 Tabu search
TS, originally proposed by Glover (1986), is a global optimisation metaheuristic based
on the exploration of the neighborhood of the current solution. To protect against
cycling between similar solutions, certain moves may be forbidden, earning such a
move the title of a “tabu” move. Prior to TS implementation, the parameters of the TS
such as the number of trial solutions and tabu list size must be established (Lin and
Miller, 2004a; Maleki and Askarzadeh, 2014).
In a similar manner to GA, PSO and SA, TS has been utilised with success for cognate
studies in the optimisation of agriculture and energy related systems. Examples include
the use of TS to optimise livestock transport planning (Oppen and Løkketangen, 2008)
and agricultural resource scheduling (Edwards et al., 2015, 2013). Cunha (2004)
successfully used TS to minimise the cost of building a looped water distribution system
by selecting an optimal set of pipe diameters. Martins and Costa (2010) utilised TS to
optimise net present value for the production of high purity benzene, by determining
appropriate values for a number of process variables. Lin and Miller (2004a, 2004b)
demonstrated the use of TS to optimise economic objective functions for chemical
processes, heat exchanger networks and pumping systems. Maleki and Azkarzadeh
(2014) implemented TS for the minimisation of the total annual cost of PV/wind/fuel
cell and PV/wind/battery hybrid systems, by finding the optimal number of PV panels,
wind turbines hydrogen tanks and batteries. Yoza et al. (2014) applied TS to minimise
the total cost of running a “smart” house with an installed PV system and/or battery
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over a 20 year period with price variations in the cost of selling and purchasing
electricity, by determining the optimal installation year and capacity of each system. Qi
et al. (2018) minimised costs of an electricity distribution network consisting of
multiple renewable and non-renewable sources providing electricity to residential,
industrial, and commercial premises. The study also included a monetary cost relating
to GHG emissions from the network. Wu et al. (2018) minimised the cost of hybrid
energy systems for remote areas. Chakraborty et al. (2010, 2009), Kalczynski (2012)
and Oka and Yokoyama (2013) economically optimised the operation of fossil fuel
generators and energy storage systems. Costamagna et al. (1998) proposed the use of TS
for the optimisation of a telecommunications network by determining the location,
topology and dimensions of links between network users, multiplexing centres and
exchanges. Katsigiannis and Georgilakis (2008) and Ruiz et al. (2016) minimised life
cycle cost in energy efficient building design.
2.4.6 Multi-objective optimisation algorithms
Regarding the use of metaheuristic optimisation models for multi-objective
optimisation, a common method for handling two or more conflicting objectives and
assessing trade-offs between the two is to combine the multiple objectives in to a single
objective problem. The single objective problem can then be solved by a metaheuristic
optimisation algorithm such as one of those listed in Section 2.4.1. The weighted sum
method has been used in many studies to transform multiple objectives into a single
objective problem (Di Somma et al., 2017; Fan and Xia, 2017; García-Villalobos et al.,
2016; Hou et al., 2018; Jubril et al., 2014; Karmellos et al., 2015; Raza et al., 2014;
Yang et al., 2014). The weighted sum method also involves the assignment of trade-off
parameters to each objective function in the multi-objective problem, with the
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assignment of trade-off parameters being carried out prior to the multi-objective
optimisation problem being solved. Varying the trade-off parameters allows multiple
optimal points in the search space to be found. These points are referred to as Pareto
optimal solutions and make up the Pareto front. A solution is Pareto optimal or nondominated if there is no other feasible solution that improves one objective without
deteriorating another (Machairas et al., 2014). This method has been employed with
success in a number of other studies concerning the optimisation of multiple objective
functions involving economic and energy-related criteria (Di Somma et al., 2017; Fan
and Xia, 2017; García-Villalobos et al., 2016; Hou et al., 2018; Jubril et al., 2014;
Karmellos et al., 2015; Raza et al., 2014; Yang et al., 2014). For some multi-objective
optimisation problems the weighted sum method may not provide a correct
representation of the Pareto front as some solutions may be sub-optimal (Fotouhi
Ghazvini et al., 2015). Therefore a widely used method for obtaining a diverse spread of
optimal values on the true Pareto front is often employed in multi-objective
optimisation problems – the Non-dominated Sorting Genetic Algorithm (NSGA-II).
Details pertaining to the implementation of this method can be found in Deb et al.
(2002). The NSGA-II provides a number of solutions that lie on the true Pareto front,
however a disadvantage to the NSGA-II method is that it does not allow for trade-off
parameters to be specified prior to multi-objective optimisation being carried out. Hence
the weighting of objective functions across the solutions provided by the NSGA-II is
unknown, in comparison to those found using the weighted sum method. The NSGA-II
has been previously been employed in a number of cognate studies in which multiple
objectives are assessed including those pertaining to economic and environmental
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criteria (Brownlee et al., 2011; Lautenbach et al., 2013; Li et al., 2006; Zhao et al.,
2013).
2.5 Gaps in knowledge and conclusions
This literature review identified gaps in knowledge and areas of research which need
addressing. Details pertaining to previous economic and environmental optimisation
studies as well as decision support systems in the dairy sector were outlined. In
addition, the state-of-the-art regarding the use of renewable and energy efficient
technologies in a dairy farming context was examined. Furthermore, suitable strategies
for the application of optimisation models to the problem of economic and
environmental optimisation were established.
As discussed in Chapter 1, since the electricity consumption of dairy farms is directly
related to how the farm is set up and managed in terms of technology configuration, it is
largely under the control of the farmer. Hence, there exists opportunities for reducing
electricity consumption, associated costs and associated CO2 emissions through the
optimisation of dairy farm technology and the management of that technology. While
many of the optimisation applications listed in Section 2.2.1 maximise profitability and
minimise GHG emissions on dairy farms, none of the methods minimise the electricity
related CO2 emissions or maximise the renewable contribution of the farm. Moreover,
none of the methods focus on the selection of milk cooling or water heating technology
on the farm, nor do they take into account the potential use of energy efficient
technologies such as PHEs for precooling of milk or VSDs for milking machine vacuum
pumps. Additionally, none of the aforementioned dairy optimisation applications take
into consideration how the dairy farm technology is managed while considering the
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possibility of load shifting for milk cooling, water heating and milking machine
electricity loads, or the suitability of different electricity tariffs. Hence there exists a
significant gap in knowledge regarding an optimisation tool for dairy farm technology,
management and electricity tariff selection.
Research into the use of STWH systems, HR systems, PV systems, wind turbines and
biogas on dairy farms has been conducted by several authors (Section 2.1.2-2.1.6). Due
to the extremely poor economic returns associated with wind turbines and biogas which
were reported in Sections 2.1.5 and 2.1.6, coupled with the fact that there is currently no
feed-in tariff available in Ireland, it was decided to exclude wind turbines and biogas
from this study. Much of the research on STWH, HR and PV systems in a dairy context
used static farm load profiles, assumptions for energy models and did not take into
account the various on-farm electricity consuming processes such as milk cooling,
water heating and the milking machine. Hence there exists a gap in knowledge relating
to the creation of scalable models of STWH, HR and PV systems to assess their
potential in a dairy farming context. In addition, the MECD (Upton et al., 2014a) was
selected for the purpose of simulating the electricity consumption, related costs and CO2
emissions for various farm sizes. This can be integrated with newly developed STWH,
HR and PV models to take into account the influences of potential changes in farm
technology and management practices on the STWH, HR and PV systems' performance.
In a previous study by Upton et al. (2015a), the ROI in various farm technologies varied
from -35% to +57%, depending on the size and configuration of the farm. Although the
number of scenarios assessed was relatively small (15), the large variation in ROI
illustrated that selection of technology investments for dairy farms, as well as prices of
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equipment, electricity and milk, can greatly affect the economic performance of the
farm over time. Furthermore, the MECD model contains 45 inputs meaning the problem
of optimising farm technology, management practices and electricity tariffs is complex.
It is clear from the cognate studies described in Section 2.4.2-2.4.5 that the optimisation
algorithms mentioned (GA, PSO, SA, TS) are suitable for the purpose of optimising
complex energy systems similar to that of a dairy farm. Hence, the suitability of each of
these optimisation algorithms must be assessed for the problem of dairy farm
optimisation.
There is an important gap in knowledge regarding multi-objective optimisation to
minimise dairy farm electricity costs, minimise CO2 emissions, maximise farm
renewable contribution and optimise milking start times for farmers. Since the
economic and environmental objectives of minimising electricity costs and minimising
CO2 emissions/maximising farm renewable contribution are conflicting, multi-objective
optimisation (Section 2.4.6) should be used to assess the trade-offs between these
objectives when taking into account the use of STWH, HR and PV systems. It was also
explained in Chapter 1 how the altering of milking start times could potentially reduce
both electricity costs and related CO2 emissions, however it may not be desirable for
farmers to change their work routines to facilitate these changes and hence multiobjective optimisation is required.
The gaps in knowledge to be addressed in this thesis as established by the above
literature review were as follows:
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No decision support system or optimisation method exists which takes into
account

the

influence

of

milk

cooling

systems/water

heating

systems/PHEs/VSDs, load shifting and electricity tariffs in a holistic manner.


There is a general lack of knowledge around the optimisation of dairy farm
technology when renewable systems are installed on farm, particularly in an
Irish context.



Wind and biogas were found to be financially infeasible for dairy farms based
on multiple cognate studies.



No method exists for minimising electricity related CO2 emissions or
maximising dairy farm renewable contribution.



No studies have been conducted which optimised milking start times for farmers
from a practical point of view.



Multi-objective optimisation has not been carried out in a dairy farm context to
find optimal economic/environmental/renewable trade-offs.

This work aims to address the gaps in knowledge discussed above through the
development of a dairy optimisation platform. As discussed in the research
methodology in Section 1.3, firstly a method to determine the optimal dairy farm
configuration was established by determining a suitable optimisation strategy for dairy
farm optimisation. This was carried out in the next chapter.
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Chapter 3 Development of an optimisation method to maximise return
on investment (ROI) on dairy farms
3.1 Introduction
Optimising dairy farm technology and management of that technology is important for
three reasons: 1) the choice of technology can affect profitability because the selection
of dairy farm equipment and electricity tariff, as well as details of the management of
the farm (e.g. selection of milking start times) affect the annual farm electricity costs
and therefore the ROI of the specific dairy farm infrastructure (Upton et al., 2015b); 2)
Farm size is expanding for a number of reasons. Firstly, in 2010 the Irish government
targeted a rise in milk production of 50% from 2007-09 to 2020 (DAFM, 2010). The
2020 target was approximately 7.4 billion litres but this was reached in 2018 when
Ireland produced 7.6 billion litres (Central Statistics Office, 2019). Secondly, due to the
EU quota abolition milk production throughout the EU is expected to increase by 4.4%
by the year 2020, leading to a 10% decrease in milk price and a 5.8% decrease in dairy
farm income (Kempen et al., 2011). Thirdly, a 26% increase in global milk production
by the year 2030 has been predicted, compared to 2017 levels (EC, 2017a). This rise in
milk production may lead to an increase in electricity price per litre of milk harvested,
due to associated costs of investment in milk harvesting and cooling equipment (Upton
et al., 2015b). Hence, it is necessary for farmers to make informed decisions concerning
on-farm technology investments and farm management changes; 3) Research has been
conducted previously by Upton et al. (2015b) regarding the potential use of dynamic
electricity pricing in a dairy farming environment. Under dynamic electricity pricing
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structures, modifying a farmer’s routine could present opportunities to reduce electricity
costs through shifting electricity consumption to off-peak periods.
As discussed in Section 2.5, the amount of possible variables makes the optimal
selection of dairy farm technology, management practices and electricity tariffs a
complex problem. Hence Genetic Algorithm (GA), Particle Swarm Optimisation (PSO),
Simulated Annealing (SA), and Tabu Search (TS) were suited to this problem, as
demonstrated by the cognate studies discussed in Section 2.4.2-2.4.5 which optimised
complex energy systems similar to those encountered on dairy farms. Therefore these
four methods were applied and their results compared with the true global maximum
obtained using Dynamic programming (DP).
The aims of this chapter were as follows:


Develop an optimisation method to maximise ROI on dairy farms by obtaining
the optimal farm technology, management and electricity tariff combination for
ROI maximisation.



Apply five optimisation algorithms (GA, PSO, SA, TS and DP) to a previously
published dairy farm electricity consumption model and ROI model, with the
five algorithms also being compared in order to find the most suitable
optimisation algorithm for ROI maximisation.



Demonstrate the applicability of the optimisation method by applying it to a test
case of a 195 cow dairy farm.
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3.2 Materials and Methods
This section is organised as follows; 1) Explanation of the method used to calculate the
ROI on dairy farms; 2) Description of the process by which optimisation of dairy farm
technology, management practices and electricity tariffs was carried out; 3) Details
regarding decision variables, the objective function and constraints; 4) Description of
the test case for demonstration of the optimisation method; 5) Application of five
optimisation algorithms (GA, PSO, SA, TS and DP) to the problem.
3.2.1 Computing the ROI
The ROI of a particular scenario of interest (SI), i.e. a dairy farm with a specific
technology, management and electricity tariff combination, was compared to a base
scenario (BASE) over a specified time horizon in years. A flowchart outlining the ROI
determination process is shown in Figure 3.1. Firstly, variables describing the SI and
BASE technology, management and electricity tariff combination were used as inputs to
the model. These variables were separated into the following eight categories: Herd
management, Milk cooling, Water heating, Milk precooling, Milking machine,
Miscellaneous, Pricing and Price fluctuation. The annual electricity consumption and
related costs were then calculated for both the SI and BASE using the MECD (Section
2.2.2). The electricity costs for both the SI and BASE were then used as inputs to an
ROI calculator (Upton et al., 2015a). Equipment capital costs for the SI and BASE from
the Targeted Agricultural Modernisation Scheme Reference Costs (DAFM, 2017),
annual farm financial performance data from the Teagasc eProfit Monitor (Teagasc,
2017a), and variations in electricity, oil, gas and milk prices over the chosen time
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horizon were also used as inputs to the ROI calculator. The ROI of the SI over the
BASE was then calculated over the specified time horizon.
The eight variable categories mentioned and the variables therein were as follows:


Herd management variables were; month of housing, month of turnout, morning
milking start time, evening milking start time, number of milkings per day, herd
size, and farm monthly milk yield.



Milk cooling variables were; milk collection interval, milk cooling system, milk
tank capacity, milk cooling compressor size, milk tank set point, and ice bank
start time.



Water heating variables were; hot wash frequency, litres of hot water required
per milking unit for washing, electric heating element size, desired hot water
temperature for washing, water heating timer, water heating timer start time, and
water heating system.



Precooling variables were; precooling system, water pumping price, and water
to milk flow ratio.



Milking machine variables were; number of milking units, vacuum pump size,
time taken for milking machine washing, average milking parlour row time, and
variable speed drives.



Miscellaneous variables were; number of light fittings in outdoor area, number
of light fittings in parlour, number of light fittings in outside winter sheds,
outdoor area lighting type, parlour lighting type, winter sheds lighting type, auto
scraper size, and auto scraper sweep time.
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Pricing variables were; price of gas, price of milk, price of oil, and electricity
tariff.



Price fluctuation variables were; year-on-year electricity price variation, yearon-year gas price variation, year-on-year milk price variation, and year-on-year
oil price variation, over the chosen time horizon.

Any number of the 44 variables listed could be used as decision variables in the
optimisation process, with the remaining variables being fixed during the optimisation
process. The decision variables used for the analysis presented in this chapter were Milk
cooling system (MCS), Ice bank start time (Tib), Milk tank capacity (MTC), Milk
collection interval (MCI), Precooling (PC), Water heating system (WHS), Water
heating timer (WHT), Water heating timer start time (Twh), Morning milking start time
(MTm), Evening milking start time (MTe), Variable speed drives (VSD) and Electricity
tariff (ET). They are described in more detail in Section 3.2.3.
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Figure 3.1: Process by which the ROI of a specific scenario of interest (SI) was found.

3.2.2 Optimisation
All variables for the BASE scenario remained the same throughout the optimisation
process. The optimisation step applied GA, PSO, SA, TS and DP algorithms, which
dynamically searched for the SI decision variable combination (DVC) to maximise the
ROI of the SI over the BASE for the chosen time horizon. Sections 3.2.6.1 – 3.2.6.5
describe the application of the GA, PSO, SA, TS and DP algorithms to ROI
maximisation.
A diagram illustrating a typical dairy farm process, showing the main on-farm
electricity consumers (milk cooling, water heating and milking machine) and the flow
of milk and water through the farm, is shown in Figure 3.2. Milk is extracted from the
dairy herd at approximately 35°C using milking machine vacuum pumps. This milk
may then be delivered directly to the milk cooling system milk tank for cooling to the
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required milk temperature of 4°C. Alternatively, the milk may be precooled with cold
water using a PHE before it is delivered to the milk tank. Hot water at 80°C is required
for sanitation of both the milking machine and milk tank.

Figure 3.2: Typical dairy farm process showing the flow of milk and water and the main electricity consuming
processes - milk cooling system, water heating system and milking machine

3.2.3 Decision variables
The SI decision variables for the analysis included the following:
3.2.3.1 Milk cooling system (MCS)
Two milk cooling systems were considered; Direct expansion (DX) and Ice bank (IB)
cooling systems. DX refers to a system whereby evaporator plates are placed in direct
contact with the wall of the milk tank, extracting heat from the milk via evaporation of
liquid refrigerant. DX systems consume electricity after morning and evening milkings.
The energy consumption depends on the COP of the system, which varies with the time
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of the day and month of the year (Upton et al., 2014a). IB systems use a water tank
containing a copper tube evaporator array. Ice forms around the tubes with ice water
being circulated in a closed loop between the milk tank and the ice bank. The ice
formation process may be carried out during night time hours in order to take advantage
of cheaper night rate electricity prices.
3.2.3.2 Ice Bank start time (Tib)
The IB milk cooling system may be used for load shifting to capitalise on lower night
rate electricity pricing structures. The COP of the IB system may also be higher during
night time hours, which increases the energy efficiency of the system. The start time of
an IB system was therefore set as a decision variable, with hourly start times considered
from 0:00 to 23:00. If DX was selected as the milk cooling system, Tib was irrelevant.

3.2.3.3 Milk tank capacity (MTC)
Six milk tank capacities were considered, ranging from a capacity of 5,000L to a
capacity of 30,000L in increments of 5,000L. Lukuyu et al. (2019) previously
demonstrated that the selection of different milk tank capacities affects dairy farm
infrastructure ROI. In order for a tank size to be feasible on a given farm, a constraint
(Equation 3.3) was introduced which follows the tank sizing guide recommended by
Teagasc (2017b). This sizing guide ensured that the tank size was sufficient for the
amount of milk produced.
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3.2.3.4 Milk collection interval (MCI)
This variable represented the frequency at which milk was collected from the farm. Two
common collection intervals were considered – every two day collection and every three
day collection. The milk tank capacity required depended on this variable (see Equation
3.3). The frequency with which the milk cooling tank was washed was also dependent
on this variable (the tank is usually washed after collection). This consequently affected
the amount of hot water required for washing and the energy required to heat this water.

3.2.3.5 Precooling (PC)
Two options were considered for milk precooling; the first option was no precooling,
whereby the milk at 35°C was passed directly to the milk cooling system. The second
option was precooling to 15°C, using cold water in a PHE. The use of precooling
reduced the electricity consumption of the milk cooling system, but added electricity
costs due to the pumping of water through the PHE, as well as the price of installation
of the system. For this analysis it was assumed that a water to milk flow ratio of 2:1 was
used in the PHE, with a water pumping price of €0.10 per cubic meter of water pumped.
3.2.3.6 Water heating system (WHS)
Three water heating systems were considered, namely electric heating element, oil-fired
boiler and gas boiler. For this analysis it was assumed that both electric and oil water
heating used an insulated water tank, while gas water heating was instant and therefore
did not require a water tank. Electric water heating was affected by current and future
electricity prices, and could be shifted to night time hours to take advantage of cheaper

60

Development of an optimisation method to maximise return on investment (ROI) on
dairy farms

electricity prices. Oil and gas water heating were affected by the price of gas and oil as
well as year-on-year oil fluctuations and year-on-year gas fluctuations over the chosen
time horizon, but they were not susceptible to night time price fluctuations.
3.2.3.7 Water heating timer (WHT)
A water heating timer to start the heating of water at a specific time was presented as a
“yes” or “no” option. This affected the costs of using electric water heating only, as
both oil and gas prices were assumed to be immune to hourly fluctuations. Therefore if
oil or gas were selected as the water heating system, the use of a water heating timer
was irrelevant.
3.2.3.8 Water heating timer start time (Twh)
The time at which electric water heating commenced using a water heating timer was
set as a decision variable in order to potentially take advantage of cheaper night time
electricity pricing. Hourly start times were considered from 0:00 to 23:00 to investigate
the effect of shifting the system’s electricity use to different times of the day, as well as
the costs associated with this change. If oil or gas were selected as the water heating
system, Twh was irrelevant as it only affected electric water heating.
3.2.3.9 Morning milking start time (MTm)
The time at which the morning and evening milkings take place can greatly affect the
farm’s electricity consumption and related costs (Upton et al., 2015b). Six options were
considered for morning milking start times: 05:00, 06:00, 07:00, 08:00, 09:00 and
10:00.
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3.2.3.10 Evening milking start time (MTe)
Six options were considered for evening milking start times: 15:00, 16:00, 17:00, 18:00,
19:00 and 20:00. These were independent of morning milking start times.
3.2.3.11 Variable speed drives (VSDs)
VSDs for milking machine vacuum pumps were presented as a “yes” or “no” option. It
was assumed for this analysis that they reduced the milking machine electricity
consumption by 60% as per Upton et al. (2015a).
3.2.3.12 Electricity tariff (ET)
Three electricity tariffs were considered, namely FLAT, DN, and RTP. The flat tariff
used in this analysis consisted of an electricity price of €0.17/kWh throughout the day
and throughout the year. The Day/Night tariff involved an electricity price of
€0.09/kWh from 0:00 to 09:00 and a price of €0.17/kWh from 09:00 to 0:00 (SEAI,
2017a). Real time pricing of electricity implied an electricity price which varied every
hour, day and month, due to variation in demand on the national electricity grid. For the
purpose of this analysis, the System Marginal Price (SMP) from the Single Electricity
Marker Operator was used to develop a RTP tariff (SEMO, 2017). The RTP tariff also
had to take into account network costs, taxes and levies, as well as retail margin in order
to represent the price paid by customers. The RTP tariff was therefore calculated as per
Equation 3.1

𝑅𝑇𝑃 = 𝑆𝑀𝑃 + 𝐶𝑛 + 𝐶𝑡𝑙 + 𝑅𝑀
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Where 𝑅𝑇𝑃 = Real time electricity price (€/kWh), 𝑆𝑀𝑃 = System marginal price
(€/kWh), 𝐶𝑛 = Network costs (€/kWh), 𝐶𝑡𝑙 = Non-recoverable taxes and levies (€/kWh),
𝑅𝑀 = Retail margin (€/kWh).
The SMP for the year 2016 was used for this analysis and was obtained from SEMO
(2017). The values of 𝐶𝑛 and 𝐶𝑡𝑙 used in this chapter were taken from the list of Irish
disaggregated business electricity prices (2nd Semester 2016) provided by SEAI
(2017b). The value of 𝑅𝑀 used in this chapter was that which made the average RTP
price for the entire year equal to the average DN price for the entire year, in order to
make the tariffs comparable since the DN tariff also contains off-peak electricity rates.
Each of the electricity tariffs mentioned (FLAT, DN, RTP) was represented using a
12x24 matrix structure, with a representative price per hour for each month of the year,
as per Upton et al. (2014a). Figure 3.3 illustrates the average electricity price per hour
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for

each

tariff,

averaged

over

a

full

year.

Figure 3.3: Graph of electricity tariffs (Flat tariff (FLAT), Day/Night tariff (DN), Real Time Pricing tariff
(RTP)) showing the hourly electricity price (€) per kWh used (SEAI, 2017a).

3.2.4 Objective function and constraints
In the proposed optimisation methodology, the optimal combination of SI decision
variables was computed such that the ROI of the SI over the BASE was maximised for
a specified time horizon.
The objective function was as follows:
Maximise:

TH

j

j

j

j

(NIi (x) − NIb )+(Ii (x) − Ib )
1
R(x) = [∑
]×
Ci (x) − Cb
TH
j=1
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Where x was a vector of the decision variables, R(x) = Average ROI over the specified
j

time horizon for the SI using DVC x, TH = Specified time horizon (years), NIi (x) =
j

After tax net income for SI i in year j using DVC x (€), NIb = After tax net income for
j

j

the BASE in year j (€), Ii (x) = Interest for SI i in year j using DVC x (€), Ib = Interest
for the BASE in year j (€), Ci (x) = Total investment cost for SI i using DVC x (€), Cb =
Total investment cost for the BASE (€).
The decision variables were represented by a vector of twelve integer values: [MCS, Tib,
MTC, MCI, PC, WHS, WHT, Twh, MTm, MTe, VSD, ET]
The following constraints were used in the optimisation process (Equations 3.3–3.7):

𝑀𝑇𝐶 ≥ 𝐶𝑀𝑚 × 𝑌𝑐 × (𝑁𝑑 + 0.5)

(3.3)

Where MTC = milk tank capacity (L), 𝐶𝑀𝑚 = maximum number of cows milked per
day, 𝑌𝑐 = cow milk yield per day (L), 𝑁𝑑 = Number of days between milk collections
(See Section 3.2.3.4).

0: 00 ≤ 𝑇𝑖𝑏 ≤ 23: 00

(3.4)

Where 𝑇𝑖𝑏 = Ice bank start time (See Section 3.2.3.2).

0: 00 ≤ 𝑇𝑤ℎ ≤ 23: 00
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Where 𝑇𝑤ℎ = Water heating timer start time (See Section 3.2.3.8).
05: 00 ≤ 𝑀𝑇𝑚 ≤ 10: 00

(3.6)

Where 𝑀𝑇𝑚 = morning milking start time (See Section 3.2.3.9).

15: 00 ≤ 𝑀𝑇𝑒 ≤ 20: 00

(3.7)

Where 𝑀𝑇𝑒 = evening milking start time (See Section 3.2.3.10).
3.2.5 Test case to evaluate optimisation algorithms and optimisation demonstration
In order to determine the most suitable optimisation algorithm to use for ROI
maximisation, the five optimisation algorithms (GA, PSO, SA, TS and DP) were
implemented on a test case over a ten year time horizon (i.e. TH = 10 in Equation 3.2).
Based on the archetypal “Large farm” base scenario chosen by Upton et al. (2015a), a
farm with an annual milk yield of 774,089L and herd size of 195 cows was selected as
the test case. Had the archetypal “Medium farm” from Upton’s work been chosen which
had a herd size of 88 cows, this body of work would soon become outdated as the
average farm size in Ireland is set to reach 100 cows within the next four years (Kelly et
al., 2017). Hence the selection of the 195 cow farm also makes the results of this study
“future proof”. The selection of this The BASE fixed variables and decision variables
for this test case were identical to those used in the base scenario chosen by Upton et al.
(2015a). The BASE decision variables are listed in Table 3.1. The SI fixed variables
were identical to the BASE fixed variables, while the twelve SI decision variables were
dynamically changed and selected to maximise R(x) for the test case in accordance with
the objective function in Equation 3.2. The results for maximising R(x) for this test case
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using GA, PSO, SA and TS were benchmarked against the true global maximum
(TGM) obtained through the use of DP.
Table 3.1: The BASE decision variables used for the test case. These remained constant throughout the
optimisation procedure while the decision variables for the scenario of interest were dynamically changed to
maximise the objective function.

Decision variable
Milk cooling system (MCS)
Ice bank start time (Tib)
Milk tank capacity (MTC)
Milk collection interval (MCI)
Precooling (PC)
Water heating system (WHS)
Water heating timer (WHT)
Water heating timer start time (Twh)
Morning milking start time (MTm)
Evening milking start time (MTe)
Variable speed drives (VSD)
Electricity tariff (ET)

Value in BASE scenario
Direct expansion
N/A
15,000L
Every 2 days
No
Electric
Yes
0:00
07:00
17:00
No
Day/Night

Table 3.2 shows the investment costs including cost of installation for the various types
of technology used in the test case, sourced from DAFM (2017) as well as relevant
equipment suppliers.
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Table 3.2: Investment costs for various technologies used in the test case, including installation costs

Technology
Direct expansion milk cooling system
Ice bank milk cooling system
Electric water heating system
Oil water heating system
Gas water heating system
Plate heat exchanger
Variable speed drives

Investment cost (€)
25,779
27,469
1,200
2,400
3,000
2,390
3,350

Electricity, gas, oil and milk prices varied year-on-year over a ten year time horizon.
These variations mirrored the yearly price fluctuations observed between 2007 and 2017
for each of these four commodities in Ireland. The electricity and gas price fluctuations
were based on Irish data taken from the Eurostat energy statistics database (Eurostat,
2017). The oil price fluctuations were based on Irish historical data from the European
Commission Weekly Oil Bulletin (EC, 2017b). Milk price fluctuations were based on
averaged yearly Irish data from the Central Statistics Office (2017). The starting prices
of these commodities for the test case were as follows: Oil and gas prices were
€0.07/kWh and €0.06/kWh respectively (SEAI, 2017a), while milk price was €0.33/L
(Central Statistics Office, 2017) and the starting electricity price depended on the
electricity tariff selected (Section 3.2.3.12).
3.2.6 Optimisation algorithms
3.2.6.1 Genetic Algorithm (GA)
Application of GA
The GA was applied to ROI maximisation using the following process as described in
Figure 3.4:
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Step 1: Initialize a random population consisting of a matrix of Npg possible solutions
i.e. Npg DVCs, where Npg = Population size for GA.
Step 2: Evaluate each DVC in the population i.e. calculate its R(x) value using the
process described in Figure 3.1, and rank each DVC according to their computed
R(x) values. The GA described used “Elitism”, meaning the best performing
DVC (i.e. that with the largest R(x) value) was kept in the population for use in
the next iteration. If the stopping criterion has been satisfied, terminate the
algorithm. Otherwise, go to step 3.
Step 3: Select DVCs for crossover (known as “parents”) based on either their R(x)
values or based on their rank in the population (see “Configuration of GA”).
DVCs may be selected more than once, with better performing DVCs having a
greater chance of being selected.
Step 4: Parent DVCs undergo crossover (i.e. portions of each pair of DVCs are
swapped with each other with a predefined crossover probability) to form
“children”.
Step 5: Each variable in the population (of size: Npg × Number of decision variables) is
mutated with a predefined mutation probability. For this application, a mutated
variable was changed to a random integer value within the variable range. All
variables could be mutated apart from those contained in the “Elite” DVC
mentioned in Step 2.
Step 6: Increase iteration counter by 1 and return to Step 2 to evaluate the new
population of DVCs.
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Figure 3.4: Process flowchart showing the application of Genetic Algorithm to ROI maximis ation.

Configuration of GA
The configuration of the GA to obtain the optimal GA parameters for maximising ROI
was found by testing various values of population size (Npg), type of selection, type of
crossover, crossover probability and mutation probability, based on previously
published GA research as well as cognate studies involving optimisation of discrete
spaces using GA (Section 2.4.2). The parameters were varied as follows:


Population size was varied in the range 10 – 160 (Grefenstette, 1986).
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Two types of selection were tested: Roulette Wheel, in which the DVCs in the
population have a chance of being selected which is proportional to their fitness
(R(x)), and which was the preferred selection method used by Caputo et al.
(2008). Rank selection (Baker, 1985), whereby the DVCs have a chance of
selection proportional to their rank in the population, was also tested.



Three types of crossover were tested: Single point, Two point, and Uniform
(Glover and Kochenberger, 2003).



Crossover probability was varied between 0.5 and 0.9 (Bernal-Agustín and
Dufo-López, 2009).



Mutation probability was varied between 0 and 0.1 (Grefenstette, 1986).

Values of population size, type of selection, type of crossover, crossover probability and
mutation probability that yielded the most promising results in terms of maximising
ROI, and thus the values to be used when benchmarking the performance of GA against
DP, were as follows: Population size = 90, Type of selection = Rank selection, Type of
crossover = Two point crossover, Crossover probability = 0.85, Mutation probability =
0.05.
3.2.6.2 Particle Swarm Optimisation (PSO)
Application of PSO
The PSO algorithm was applied to ROI maximisation using the following process as
described in Figure 3.5:
Step 1: Initialize a random population consisting of a matrix of Np possible solutions
i.e. Np DVCs, where Np = population size for PSO. Each DVC is known as a
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particle. Every variable in the population is randomly assigned a position, as
well as a velocity between the minimum velocity Vmin and the maximum
velocity Vmax. It should be noted that Vmin = -Vmax.
Step 2: Evaluate each particle in the population to obtain its R(x) value using the
process described in Figure 3.1. If the current R(x) value of the kth particle in
the population is better than the previous best R(x) value of the kth particle, then
set the personal best position of the kth particle (pbk) equal to the current
position of the kth particle and the personal best value of the kth particle equal to
the current R(x) value of the kth particle.
Step 3: If the current R(x) value of the kth particle in the population is better than the
previous best R(x) value of the entire population, then set the global best
position in swarm (gb) equal to the current position of the kth particle and the
global best value equal to the current R(x) value of the kth particle. If the
stopping criterion has been satisfied, terminate the algorithm. Otherwise, go to
step 4.
Step 4: Update velocities and positions using Equations 3.8 and 3.9. Update the value
of the inertia factor (𝑤) using Equation 3.10. To take into account the fact that
all variables in the problem being optimised are discrete integer values, the
strategy used by Jin et al. (2007) was employed for PSO.

𝑣𝑘 (𝑡) = 𝑤𝑣𝑘 (𝑡 − 1) + 𝑐1 𝑅1 (𝑝𝑏𝑘 − 𝑥𝑘 (𝑡 − 1)) + 𝑐2 𝑅2 (𝑔𝑏 − 𝑥𝑘 (𝑡 − 1)) (3.8)
𝑥𝑘 (𝑡) = 𝑣𝑘 (𝑡) + 𝑥𝑘 (𝑡 − 1)
𝑤 = 0.5 +

ln 𝑡+1
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Where 𝑣𝑘 (𝑡) = velocity of kth particle in swarm at time t, 𝑤 = inertia factor, 𝑐1 =
acceleration constant for the cognitive component, 𝑐2 = acceleration constant for the
social component, 𝑅1 and 𝑅2 = random numbers in the interval [0,1], 𝑝𝑏𝑘 = Personal
best position of kth particle, 𝑥𝑘 (𝑡) = position of kth particle at time t, 𝑔𝑏 = Global best
position in swarm.
Step 5: Increase iteration counter by 1 and go to step 2.

Figure 3.5: Process flowchart showing the application of Particle Swarm Optimisation to ROI maximisation.

Configuration of PSO.
The configuration of the PSO algorithm to obtain the optimal PSO parameters for
maximising ROI was found by testing various values of population size (Np),
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acceleration constant for the cognitive component (c1), acceleration constant for the
social component (c2), and maximum velocity (Vmax), based on previously published
PSO research as well as cognate studies involving optimisation of discrete spaces using
PSO (Section 2.4.3). The parameters were varied as follows:


Population size (Np) was varied in the range 60 – 120 i.e. 5 – 10 times the
number of particle dimensions, in this case twelve (Jin et al., 2007).



Acceleration constant for the cognitive component (c1) and the social component
(c2) were varied between 1 and 3 as it was shown in cognate studies that values
in this range have been successful (Montalvo et al., 2008; Shayeghi et al., 2010).



Maximum velocity (Vmax) was varied between 20% and 50% of the range of
each decision variable in a DVC (Jin et al., 2007).

Values of Population size (Np), Acceleration constant for the cognitive component (c1),
Acceleration constant for the social component (c2), and Maximum velocity (Vmax)
which yielded the most promising results in terms of maximising ROI, and thus the
values to be used when benchmarking the performance of PSO against DP, were as
follows: Np = 90, c1 = 2.5, c2 = 1, Vmax = 20%.
3.2.6.3 Simulated Annealing (SA)
Application of SA
The SA algorithm was applied to ROI maximisation using the following process as
described in Figure 3.6.
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Step 1: Set the initial temperature of the algorithm (Ti). Also set this as the current
temperature T.
Step 2: Generate a random DVC (known as the initial solution x0) and evaluate R(x0)
using the method described in Figure 3.1.
Step 3: Randomly generate a number of neighbouring solutions similar to the current
DVC. The number of solutions generated is known as the Markov chain length
(ML). For each of the ML DVCs, R(x) is computed (𝐹𝑗 ) and compared to the
previous R(x) in the Markov chain (𝐹𝑖 ).
Step 4: If 𝐹𝑗 – 𝐹𝑖 > 0, the DVC of 𝐹𝑗 is accepted as the new solution. Otherwise the
DVC of 𝐹𝑗 is accepted as the new solution with a probability, P, described in
Equation 3.11:

𝑃=

𝐹𝑗 −𝐹𝑖
(
)
𝑒 𝑇

(3.11)

This process continues until each DVC in the Markov chain has been evaluated.
Step 5: If stopping criterion is met, terminate algorithm. Otherwise, go to step 6.
Step 6: Reduce T by a predefined amount, the temperature reduction parameter (β), and
go to step 3.
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Figure 3.6: Process flowchart showing the application of Simulated Annealing to ROI maximis ation.

Configuration of SA
The configuration of the SA algorithm to obtain the optimal SA parameters for
maximising ROI was found by testing various values of initial algorithm temperature
(Ti), temperature reduction parameter (β), and Markov chain length (ML), based on
previously published SA research as well as cognate studies involving optimisation of
discrete spaces using SA (Section 2.4.4). The parameters were varied as follows:


Initial algorithm temperature (Ti) was varied in the range 400 – 1750, based on
the initial temperature selection method described by Patel et al. (1991).
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Temperature reduction parameter (β) was varied between 0.8 and 0.99, with
many cognate studies employing values in this range (Askarzadeh, 2013;
Javidrad and Nouri, 2011; Perea et al., 2008).



Markov chain length (ML) was varied between 1 (Hanke and Li, 2000) and
3,000 (Perea et al., 2008), to reflect the large variation in the size of ML used in
cognate studies.

Values of Initial algorithm temperature (Ti), Temperature reduction parameter (β), and
Markov chain length (ML) which yielded the most promising results in terms of
maximising ROI, and thus the values to be used when benchmarking the performance of
SA against DP, were as follows: Ti = 850, β = 0.95, ML = 70.
3.2.6.4 Tabu Search (TS)
Application of TS
The TS algorithm was applied to ROI maximisation using the following process (Abido,
2002), as described in Figure 3.7:
Step 1: Generate a random initial solution i.e. DVC xi and evaluate R(xi) using the
method described in Figure 3.1. This DVC is set as the current solution (xc). As
it is the only solution generated so far it is also set as the best solution (xb).
Step 2: Randomly generate a number of trial solutions (Nt) similar to xc. This is
accomplished by randomly changing one of the decision variables in xc, a
process known as a move.
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Step 3: Sort the Nt DVCs in descending order according to their R(x) values. Let x ty
equal the yth trial solution (i.e. the yth DVC) in the sorted set. Set y=1. If R(x ty)
< R (xb), proceed to step 4. Else set xb = xty and proceed to step 4.
Step 4: Check the tabu status of Mty, the move which created xty. For example, if the
first decision variable in xc (Step 2) was changed to 3 to create xty, it would need
to be determined whether the move (1, 3) (i.e. changing the value of decision
variable 1 to a value of 3) is in the tabu list (of tabu list size S tl). If the move is
not in the tabu list, set xc = xty, put it in the tabu list, and go to step 7. If it is in
the tabu list, go to step 5.
Step 5: Check the aspiration criterion of Mty. The aspiration criterion is such that if a
move which is in the tabu list improves R(xty) to a value greater than that of the
best solution (R(xb)), the tabu list will be overwritten and the move will be
allowed. Therefore if R(xty)> R(xb), the tabu restriction is overwritten, set xc=xty
and proceed to step 7. Otherwise proceed to step 6.
Step 6: If y ≥ Nt, proceed to step 7, else set y=y+1 and return to step 4.
Step 7: If stopping criterion is met, terminate algorithm. Otherwise, increase iteration
counter (k) by 1 and return to step 2.
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Figure 3.7: Process flowchart showing the application of Tabu Search to ROI maximisation.

Configuration of TS
The configuration of the TS algorithm to obtain the optimal TS parameters for
maximising ROI was found by testing various values for the number of trial solutions
(Nt) and tabu list size (Stl), based on previously published TS research and cognate
studies involving optimisation of discrete spaces using TS (Section 2.4.5). The
parameters were varied as follows:
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A number of trial solutions (Nt) value of 10 was utilised in a cognate study by
Maleki and Azkarzadeh (2014), while the value determined using the method of
Lin and Miller (2004a) was 576 for this application. Thus number of trial
solutions (Nt) was varied between 10 and 576.



The tabu list size (Stl) was varied between the minimum and maximum possible
size for this application. The minimum size was equal to 1 while the maximum
size was equal to the total number of moves which were possible considering the
number of decision variables and ranges thereof (Equation 3.12).
𝑁𝑣

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑆𝑡𝑙 = ∑ 𝑉𝑖

(3.12)

𝑖=1

Where 𝑆𝑡𝑙 = tabu list size, 𝑁𝑣 = number of decision variables, 𝑉𝑖 = number of possible
values of the ith decision variable.
Thus the maximum number of moves possible was 82. Hence tabu list size (Stl) was
varied between 1 and 82.
Values of number of trial solutions (Nt) and tabu list size (Stl) which yielded the most
promising results in terms of maximising ROI, and thus the values to be used when
benchmarking the performance of TS against DP, were as follows: Nt = 10, Stl = 10.
3.2.6.5 Dynamic Programming (DP)
In order to benchmark the results obtained through the use of the four optimisation
algorithms (GA, PSO, SA, TS), DP (Bellman, 1957) was used to find the true global
maximum (TGM) of the problem i.e. the maximum possible R(x) value for the test case
examined. As the optimisation problem described was a discrete problem with a finite
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number of possible solutions, DP used an exhaustive search method to obtain the
combination of x = (MCS, Tib, WHS, MTm, MTe, MTC, MCI, ET, PC, VSD, WHT,
Twh) to maximise R(x) for the test case. The number of possible combinations of MCS,
Tib, WHS, MTm, MTe, MTC, MCI, ET, PC, VSD, WHT and Twh was computed as
follows:
𝑁𝑣

𝑁𝑃𝐶 = ∏ 𝑉𝑖
𝑖=1

(3.13)

Where 𝑁𝑃𝐶 = Number of possible decision variable combinations, 𝑁𝑣 = number of
decision variables, 𝑉𝑖 = number of possible values of the ith decision variable.
In this analysis NPC was equal to 35,831,808. Once all possible combinations were
evaluated to obtain their R(x) value, the TGM could be found. The results for DP were
obtained using a computer with the following properties: Windows 7 64 bit, 3.50 GHz
Core i3-4150 CPU, and 8 GB RAM.
3.2.7 Stopping criteria
In order to compare the performance of GA, PSO, SA and TS, two stopping criteria
were used. The first stopping criterion (SC1) terminated the optimisation algorithm
when the solution was within 0.1% of the true global maximum obtained using DP. The
maximum number of function evaluations for SC1 was set to 200,000, meaning that if
the optimisation algorithm did not converge to within 0.1% of the true global maximum
after 200,000 function evaluations then that run was considered unsuccessful. The
reason for using function evaluations rather than algorithm iterations was to make the
four optimisation algorithms comparable, as the number of function evaluations per
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iteration varied from 10 for TS to 90 for GA and PSO. Under SC1, 50 runs were
performed for each optimisation algorithm, with the success rate (SR) percentage of
each optimisation algorithm being recorded (i.e. the percentage of the 50 runs in which
the optimisation algorithm converged to within the stated tolerance) as well as the time
taken (TT) for each successful run. The second stopping criterion (SC2) terminated the
optimisation algorithm when the number of function evaluations reached 200,000, with
no tolerance band being used. Under SC2, 50 runs were performed for each
optimisation algorithm, with the percentage of occasions (PM) on which each
optimisation algorithm obtained the true global maximum being recorded, as well as the
time taken (TT) to find the true global maximum.

3.3 Results
Note: All results obtained using MATLAB 2014a
3.3.1 DP results
The true global maximum R(x) found using DP for the test case was 26.31%. The true
global maximum was found in a time of 15 hours, 41 minutes and 53 seconds.
3.3.2 Optimisation algorithm results – SC1
The results using SC1 for each optimisation algorithm can be seen in Table 3.3. The GA
had a SR of 100% and an average TT of 4.0s, PSO had a SR of 48% and an average TT
of 1.1s, SA had a SR of 62% and an average TT of 120.8s, and TS had a SR of 94% and
an average TT of 2.7s. When compared to the DP results, it can be seen that on average
the GA obtained a solution within 99.9% of the true global maximum in 0.007% of the
time taken by DP. Similarly, on average PSO obtained a solution in 0.002% of the time
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taken by DP, SA obtained a solution in 0.2% of the time taken by DP and TS obtained a
solution in 0.005% of the time taken by DP.
3.3.3 Optimisation algorithm results – SC2
The results using SC2 for each optimisation algorithm can be seen in Table 3.3. GA had
a PM of 100% and an average TT of 10.4s, PSO had a PM of 8% and an average TT of
2.6s, SA had a PM of 22% and an average TT of 303.3s, and TS had a PM of 68% and
an average TT of 6.7s. An example of the convergence of the algorithms after 200,000
function evaluations is shown in Figure 3.8.
3.3.4 Test case results
The optimal configuration of decision variables required to reach the true global
maximum for the scenario of interest in the test case is shown in Table 3.4, as well as
the corresponding variables used in the BASE scenario. The optimal Milk cooling
system (MCS), Milk tank capacity (MTC), Milk collection interval (MCI), Water
heating system (WHS), Morning milking start time (MTm), Evening milking start time
(MTe), and Electricity tariff (ET) were Direct expansion, 15,000 litres, Every 2 days,
Electric, 05:00, 20:00, and Day/Night, respectively with precooling, a water heating
timer with a start time of 0:00, and no VSD being selected. The Ice bank start time (Tib)
was not applicable as a DX milk cooling system was selected.
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Table 3.3: Results for Stopping Criterion 1 (SC1) and Stopping Criterion 2 (SC2). The success rate (SR) of
each optimisation algorithm (%) for reaching a value within 0.1% of the true global maximum (TGM) under
SC1 as well as the average time taken (TT) to reach this value are shown. The percentage of occasions where
the true global maximum was found for each optimisation algorithm (PM) under SC2 as well as the average
time taken (TT) to reach this value are also shown.

Optimisation algorithm*
Stopping Criterion 1 – Success rate (%)
Stopping Criterion 1 – Average time taken (s)
Stopping Criterion 2 – Percentage of occasions TGM found (%)
Stopping Criterion 2 – Average time taken (s)

GA
100
4.0
100
10.4

PSO
48
1.1
8
2.6

SA
62
120.8
22
303.3

TS
94
2.7
68
6.7

* GA = Genetic Algorithm; PSO = Particle Swarm Optimisation; SA = Simulated Annealing; TS = Tabu Search;
TGM = True global maximum.

Table 3.4: The combination of decision variables which resulted in the true global maximum (TGM) being
found using DP, compared with the combination of corresponding variables used in the BASE scenario.

Decision variable
Milk cooling system (MCS)
Ice bank start time (Tib)
Milk tank capacity (MTC)
Milk collection interval (MCI)
Precooling (PC)
Water heating system (WHS)
Water heating timer (WHT)
Water heating timer start time (Twh)
Morning milking start time (MTm)
Evening milking start time (MTe)
Variable speed drives (VSD)
Electricity tariff (ET)

Value for TGM
Direct expansion
N/A
15,000L
Every 2 days
Yes
Electric
Yes
0:00
05:00
20:00
No
Day/Night
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Value for BASE
Direct expansion
N/A
15,000L
Every 2 days
No
Electric
Yes
0:00
07:00
17:00
No
Day/Night
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Figure 3.8: Convergence of the four optimisation algorithms (Genetic Algorithm (GA), Particle Swarm
Optimisation (PSO), Simulated Annealing (SA) and Tabu Search (TS)) under stopping criterion 2 (SC2). The
true global maximum found using dynamic programming (DP) is also displayed. A close-up of the final
30,000 function evaluations is also shown. The graphs show the best return on investment value (R(x)) found
at each function evaluation.
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3.4 Discussion
DP was used as a tool against which to benchmark the performance of the optimisation
algorithms Genetic algorithm (GA), Particle swarm optimisation (PSO), Simulated
annealing (SA) and Tabu search (TS). The GA was the most suitable optimisation
algorithm for this application, with a 100% success rate (SR) in obtaining a ROI value
within 0.1% of the true global maximum under Stopping Criterion 1 (SC1), and a 100%
success rate (PM) in finding the true global maximum within 200,000 function
iterations under Stopping Criterion 2 (SC2) (Table 3.3). The TS algorithm was the
second most suitable, with a SR of 94% under SC1 and a PM of 68% under SC2, and
faster average convergence times than those observed for the GA (2.7s and 6.7s for SC1
and SC2, respectively). The results of the PSO and SA algorithms were relatively poor
in comparison to the GA and TS, despite the fast convergence time of the PSO
algorithm (1.1s and 2.6s for SC1 and SC2, respectively). Since the results obtained for
the GA were better than the other three optimisation algorithms, it is the optimisation
algorithm which shall be used for the optimisation platform in this work.
The optimisation results showed that, for the test case described, the maximum ROI
achievable by changing the configuration of decision variables was 26.31% over the
base scenario. This was achieved by altering both morning and evening milking start
times on the farm, and through the addition of a PHE for milk precooling (Table 3.4),
while all other decision variables including the milk cooling system and water heating
system were the same as those in the base scenario. This test case, based on previously
published work, was used to demonstrate the functionality and capabilities of the
optimisation method and how it can be used to maximise ROI on dairy farms. However,
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the base scenario could potentially be adjusted to represent any specific farm looking to
optimise investment in technology, as well as management practices and electricity
tariff structure. It should be noted that altering the base scenario would likely change the
optimisation results.
Upon extending the optimisation space by adding further decision variables, the number
of possible decision variable combinations would greatly increase. For example, if one
decision variable with two possible values was added to the optimisation space, the
number of decision variable combinations and the time taken to perform DP would
double. Thus, the addition of several decision variables would render the use of DP
infeasible. The use of optimisation algorithms such as GA is much more efficient, as
demonstrated by the relatively short computation time for GA as well as its high success
rate. Therefore the use of GA is preferable for this application.
The methods put forth in this chapter will be extended in the following chapters by
adding heat HR, STWH and PV models to the search space, while also including multiobjective optimisation strategies to take into account other objectives which conflict
with an economic objective such as the minimisation of electricity related CO2
emissions. Firstly, in Chapter 4 the influence of renewable thermal technology (STWH
and HR systems) on the optimal dairy farm configuration will be investigated.
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Chapter 4 Development of a multi-objective optimisation method for
maximisation of dairy farm net profit and minimisation of farm
electricity related CO2 emissions
4.1 Introduction
Optimisation of dairy farm technology, management practices and electricity tariffs
under economic and environmental criteria, taking into account the potential use of both
STWH systems and HR systems, is important for the reasons outlined in Chapter 1.
Furthermore, water heating is the second largest energy consumer on Irish dairy farms
(Upton et al., 2013), however there is lack of knowledge around how to reduce water
heating costs while improving farm profitability.
In Chapter 3 it was demonstrated that the economic optimisation of dairy farm
technology, management practices and electricity tariffs can be carried out using
metaheuristic optimisation. In this chapter STWH and HR models were merged with the
optimisation method from Chapter 3 to assess trade-offs between economic and
environmental criteria using multi-objective optimisation. A Genetic Algorithm (GA)
and weighted sum method were employed to carry out multi-objective optimisation.
The aim of this chapter was to develop a multi-objective optimisation method to
optimise dairy farm technology, management practices and electricity tariffs for
maximisation of dairy farm net profit and minimisation of farm electricity related CO2
emissions, as well as assessing trade-offs between the two based on a trade-off
parameter. Models of both STWH and HR systems were developed and validated, and
used as part of a test case for the application of the methods.
88

Development of a multi-objective optimisation method for maximisation of dairy farm
net profit and minimisation of farm electricity related CO2 emissions

4.2 Materials and methods
4.2.1 Experimentation and modelling – HR
4.2.1.1 Equipment and setup for HR experiments
A HR model was created using empirical data collected from a series of experiments
carried out at Teagasc Moorepark, Fermoy, County Cork, Ireland in 2016. The
equipment used for these experiments consisted of a 6,000 litre direct expansion milk
cooling tank with a Copeland ZB42KCE-PFJ hermetic scroll compressor with a
capacity of 16.2 m3/h (Emerson, 2018). Refrigerant R404A was condensed using an air
cooled condenser with two fans (300 W), one of which had fan speed control applied.
The refrigerant was then passed through a thermostatic expansion valve before being
circulated through the welded evaporator plates of the milk cooling tank. A SWEP
B15Hx30 PHE (SWEP, 2018) was located between the compressor and condenser
(Figure 4.1). This heat exchanger removed energy from the high temperature, high
pressure refrigerant flowing from the compressor. This heat was then transferred via the
heat exchanger to water which was circulated by a Salmson NSB05-15B pump
(Salmson, 2018) between the heat exchanger and a 500 litre insulated water tank in a
closed loop. An agitator was used in the milk cooling tank to prevent stratification.
Type K thermocouples were used to record water and milk temperature data throughout
the process. Data was logged electronically at a resolution of one second with Labview
2010, using National Instruments NI 9213 and NI 9421 modules housed in a National
Instruments cRIO 9074 controller (NI, 2018a, 2018b, 2018c). An energy analyser of
type EM24 DIN (Carlo Gavazzi, 2018) was used to record combined compressor and
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fan energy consumption at a resolution of one minute. Met Éireann provided ambient
temperature data for Teagasc Moorepark (Met Éireann, 2018).

Figure 4.1: Equipment setup for HR experiments.

Figure 4.2: Main components used for HR experiments (L–R): 500 litre insulated water tank; SWEP B15Hx30
plate heat exchanger; 6000 litre direct expansion milk cooling tank; Temperature indicator for milk cooling
tank.

Figure 4.1 shows the setup of the equipment used to perform the HR experiments. The
main components (numbered 1-8) and the thermocouples used (numbered T1 to T11)
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are described in Table 4.1. Figure 4.2 illustrates the main components used in the HR
experiments.
Table 4.1: List of components and thermocouples used in HR experiments.

Symbol
1
2
3
4
5
6
7
8
T1
T2
T3
T4
T5
T6
T7
T8
T9
T10
T11

Meaning
6,000 litre direct expansion milk cooling tank
Compressor – Copeland ZB42KCE-PFJ (Emerson, 2018)
Heat exchanger – SWEP B15Hx30 (SWEP, 2018)
Air cooled condenser (300W)
Expansion valve
500 litre insulated water tank
Pump – Salmson NSB05-15B (Salmson, 2018)
Mains water valve
Temperature of liquid in bulk tank
Evaporator temperature
Refrigerant temperature entering heat exchanger
Water temperature exiting heat exchanger
Water temperature entering heat exchanger
Refrigerant temperature exiting heat exchanger
Condenser temperature
Water temperature at top of tank
Water temperature at middle of tank
Water temperature at bottom of tank
Mains water temperature

4.2.1.2 Description of HR experiments
The experiments were conducted during summer months as weather conditions best
represented those of peak milk production for pasture-based dairy farms. Water was
cooled in the DX tank for experiments as it is commonly used in experiments in place
of milk as per Murphy et al. (2013) and Sapali et al. (2014). The term “milk” will be
used in this section however to avoid confusion with water in the water tank.
Experiments were carried out for four different cases in order to assess HR performance
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at different milk precooling levels, volumes of milk, and water tank temperatures, each
experiment was replicated three times. The four cases were as follows:


Case 1: 1500 litres of milk were cooled from a temperature of 35°C to 4°C, with
a starting water temperature in the water tank of 15°C. The quantity of milk
represents one morning milking for a 100 cow farm, chosen since the average
farm size in Ireland is set to reach this number within five years (Kelly et al.,
2017). The starting temperature of milk represents a farm not using milk
precooling.



Case 2: 3000 litres of milk were cooled from a temperature of 19.5°C to 4°C,
with a starting water temperature in the water tank of 46°C. The milk
temperature represents the blended temperature of morning and evening milking.
The starting temperature of water represents the temperature rise from using HR
in the morning milking, based on Case 1 experiments.



Case 3: 1500 litres of milk were cooled from a temperature of 15°C to 4°C, with
a starting water temperature in the water tank of 15°C. The starting temperature
of milk represents a farm using milk precooling.



Case 4: 3000 litres of milk were cooled from a temperature of 9.5°C to 4°C, with
a starting water temperature in the water tank of 30°C. The temperature of milk
represents the blended temperature of morning and evening milking. The
starting temperature of water represents the temperature rise from using HR in
the morning milking, based on Case 3 experiments.

HR Experimental results are listed in Appendix B, Table B.1.
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4.2.1.3 HR model development

Figure 4.3: Multiple linear regression model development procedure.

In order to simulate the performance of a HR system on a dairy farm, it was necessary
to construct a model which predicted the temperature of water in the water tank
throughout the milk cooling process, based on the experiments carried out in Cases 1-4.
A multiple linear regression (MLR) modelling approach was used as a means to obtain
mathematical coefficients for equations to evaluate the HR process. This approach was
used since the mechanistic HR models listed in Section 2.3.1 resulted in poor prediction
accuracy (RPE >25%) for this application when analysed using the data collected as
described in Section 4.2.1.2. The computational complexity of these models was also
taken into consideration, since one full year of model outputs was required for each
farm setup analysed in the optimisation space. Hence a model with high computational
complexity would result in significant extra computation requirements when the model
is included in the optimisation process. MLR models have fewer coefficients and lower
computational complexity, and hence these were used as the modelling strategy for HR
systems. A time step of 30 minutes was employed for the MLR model. Multiple time
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steps ranging from 5 minutes to one hour were investigated. Taking into account the
balance between model accuracy and granularity of model outputs, 30 minutes was
chosen as the optimal time step for the data collected. The MLR modelling procedure is
illustrated in Figure 4.3.
Four independent variables were considered and analysed for predicting the dependent
variable using MLR. The dependent variable was the water temperature at time step t
(𝑇𝑤,ℎ𝑟 (t)). The independent variables were the water temperature at the previous time
step (𝑇𝑤,ℎ𝑟 (𝑡 − 1)), the milk temperature at the previous time step (𝑇𝑚 (𝑡 − 1)), the
ratio of volume of milk in the milk tank to volume of water in the water tank (𝑅𝑚𝑤 ),
and the mean ambient temperature between the previous and current time step
̅̅̅̅̅̅
(𝑇
𝑎𝑚𝑏 (𝑡)). The data utilised for HR MLR model development and validation is
summarised in Appendix B, Table B.1. Prior to HR MLR model development, the
presence of multicollinearity within the independent variables was investigated, with
collinear independent variables being eliminated through stepwise iterative Variance
Inflation Factor analysis (Section 2.3.2). Once collinear variables were removed, all
subsets regression was performed to determine the optimal combination of the
remaining independent variables for predicting water temperature at time step t (Section
2.3.2).
Before the creation of MLR models, for each variable combination outliers in the data
were removed using the Density Based Spatial Clustering of Applications with Noise
(DBSCAN) algorithm (Ester et al., 1996), which was also employed by Shine et al.
(2018a). MLR models created were of the form described in Equation 2.1 (Section
2.3.2).
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4.2.1.4 HR model validation
The accuracy of the developed MLR model for each independent variable combination
was assessed using stratified k-fold cross validation with a k value of 10 (Section
2.3.2.2). Model accuracy was measured using RMSE, RPE and CCC (Section 2.3.2.2).
Model bias was assessed using the MAPE and MSPE (Section 2.3.2.2). The
combination of independent variables which exhibited the best performance was
selected for MLR modelling. This was accomplished by using all subsets regression to
evaluate all possible independent variable combinations and selecting the optimal
combination based on the RPE. These model performance criteria were used since they
have been previously used in various agriculture related studies (Section 2.3.2.2). HR
MLR modelling coefficients and validation results can be found in Section 4.3.2.1.

4.2.1.5 Integration of HR model with MECD
To assess the potential of HR systems on dairy farms, it was necessary to use the HR
model described above in conjunction with the MECD (Section 2.2.2). All of the
MECD outputs consisted of a month × daily hour (12×24) matrix structure. Therefore,
to utilise the developed HR model in conjunction with the MECD the HR model outputs
used the same structure. Thus the farm water heating electricity requirement was as
follows:

𝑄𝑤ℎ (𝑖, 𝑗) = 𝑄𝑤ℎ,𝑚𝑒𝑐𝑑 (𝑖, 𝑗) −

∆𝐸𝑤,ℎ𝑟 (𝑖, 𝑗)
,
3600

(4.1)

Where 𝑄𝑤ℎ (𝑖, 𝑗) = total farm water heating electricity requirement in month 𝑖 (1–12)
and hour 𝑗 (1–24) (kWh), 𝑄𝑤ℎ,𝑚𝑒𝑐𝑑 (𝑖, 𝑗) = total farm water heating electricity
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requirement in month 𝑖 and hour 𝑗 using no HR system, calculated using the MECD
(kWh), ∆𝐸𝑤,ℎ𝑟 (𝑖, 𝑗) = Energy gained by water using HR system in month 𝑖 and hour 𝑗
(kJ). The value for ∆𝐸𝑤,ℎ𝑟 (𝑖, 𝑗) was converted to electricity (kWh) by dividing by 3600.
The value of ∆𝐸𝑤,ℎ𝑟 (t) was calculated at each time as follows:
∆𝐸𝑤,ℎ𝑟 (t) = 𝑚𝑤,ℎ𝑟 𝑐𝑃,𝑤 (𝑇𝑤,ℎ𝑟 (𝑡) − 𝑇𝑤,ℎ𝑟 (𝑡 − 1)),

(4.2)

Where ∆𝐸𝑤,ℎ𝑟 (t) = Energy gained by water in water tank at time step t (kJ), 𝑚𝑤,ℎ𝑟 =
Mass of water in water tank (kg), 𝑐𝑃,𝑤 = Specific heat of water (kJ/kg.K), 𝑇𝑤,ℎ𝑟 (𝑡) =
Water temperature in HR water tank at time step t (°C), calculated using the developed
HR model.
The use of HR on a dairy farm reduces the farm water heating load while also
improving the milk cooling system COP. Hence in this study a model was also created
to predict the milk cooling system COP.
4.2.1.6 COP model development and validation
In this study the COP of the milk cooling system refers to the ratio of energy removed
from the milk (kJ) in a given period of time to the consumption of the cooling system
compressor and fans in the same period. In order to simulate the COP of the milk
cooling system, it was necessary to construct a MLR model based on the experiments
carried out in Cases 1-4. A time step of 30 minutes was employed for the model. The
COP MLR development and validation procedure was the same as that described in
Sections 4.2.1.3 and 4.2.1.4. The dependent variable was the COP of the milk cooling
system at time step t (𝐶𝑂𝑃(𝑡)). Four independent variables were considered – these
were the same as those considered for the HR model. The data utilised for COP MLR
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model development and validation is summarised in Appendix B, Table B.1. See
section 4.3.2.2 for COP MLR model coefficients and validation results.
4.2.1.7 Integration of milk cooling COP model with MECD
To assess the influence of HR systems on dairy farm milk cooling, it was necessary to
use the COP model described above with the MECD. The COP model described in
Section 4.3.2.2 was used to construct the required 12 × 24 COP matrix for MECD.
4.2.2 Experimentation and modelling – STWH
4.2.2.1 Equipment and setup for STWH experiments
A STWH model was created using empirical data collected from a series of experiments
carried out at Teagasc Moorepark, Fermoy, County Cork, Ireland in 2016. The
equipment used for these experiments consisted of a South facing MP-TEC FK21 flat
plate solar collector array (MP-TEC, 2018) inclined at 40° to the horizontal, with a heat
transfer fluid (HTF) being circulated through the array by a Salmson NSB05-15B pump
to an insulated 500L dual coil solar cylinder in a closed loop. The heat transfer area
between the HTF and the water in the cylinder was 1.8 m2. The collector array consisted
of five 2 m2 panels, whereby the flow of HTF could be directed to circulate through
one, two, three, four or five panels using a series of ball valves. Hence, experiments
could be performed for arrays of sizes between 2 m2 and 10 m2, in increments of 2 m2.
The HTF consisted of a water/glycol mixture (60% water, 40% glycol) to prevent
freezing during winter months. The circulation of HTF through the system was
controlled by the temperature differential between the water temperature at the bottom
of the solar cylinder and the temperature of HTF exiting the STWH array. If this
difference in temperature was less than 7°C, no HTF was circulated. If the difference
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was greater than 7°C, HTF flowed as normal. Type K thermocouples were used to
record water and HTF temperature data at various points in the process. A Campbell
Scientific 014A anemometer (Campbell Scientific, 2018) adjacent to the solar collector
array was used to measure wind speed data during experimentation, while a Kipp &
Zonen CMP6 First Class Pyranometer (Kipp & Zonen, 2018) inclined at the same angle
as the solar collector array was employed to measure in-plane solar irradiance. Data was
logged using Labview 2010 at a resolution of one second for the thermocouples and
anemometer, and at a resolution of five seconds for the pyranometer, using National
Instruments NI 9213 and NI 9421 modules housed in a National Instruments cRIO 9074
controller (NI, 2018a, 2018b, 2018c). Ambient temperature data for Teagasc Moorepark
was provided by Met Éireann (Met Éireann, 2018).

Figure 4.4: Equipment setup for STWH experiments.
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In Figure 4.4, the main components (numbered 1-5) and thermocouples used (numbered
T1 to T5) are shown in Table 4.2. Figure 4.5 illustrates the main components used in the
STWH experiments.
Table 4.2: List of components and thermocouples used in STWH experiments.

Symbol
1
2
3
4
5
T1
T2
T3
T4
T5

Meaning
STWH array – MP-TEC FK21 (MP-TEC, 2018)
Pyranometer – Kipp & Zonen CMP6 (Kipp & Zonen, 2018)
500 litre dual coil solar cylinder
Pump – Salmson NSB05-15B (Salmson, 2018)
Anemometer – Campbell Scientific 014A (Campbell Scientific, 2018)
Heat transfer fluid temperature entering STWH panels
Heat transfer fluid temperature exiting STWH panels
Water temperature at top of tank
Water temperature at middle of tank
Water temperature at bottom of tank

Figure 4.5: Main components used for STWH experiments (L–R): MP-TEC FK21 STWH array; Kipp &
Zonen CMP6 pyranometer; Campbell Scientific 014A anemometer; 500 litre dual coil solar cylinder.
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4.2.2.2 Description of STWH experiments
The experiments were conducted under a wide range of weather conditions that best
represented the conditions present during the milking season for pasture-based dairy
farms. Experiments were carried out for two different cases in order to assess STWH
performance using different array sizes – Case 1 employed a 6 m2 system to heat the
water in the cylinder, while Case 2 employed a 10 m2 system to heat the water in the
cylinder. Eight replicates were carried out for each case. All experiments consisted of
heating the cylinder for one full day. This water was not used on-farm as the
experiments were purely used to ascertain the effects of weather, panel size and heat
transfer fluid on the water in the tank. To collect relevant data for the creation of a
STWH model, the effects of weather, panel size and heat transfer fluid on the water in
the tank were required under a number of different conditions, including different water
temperatures. Because the cylinder was fully insulated, the energy lost by the water
from the end of one experiment (i.e. at the end of one day) to the beginning of another
was negligible, as seen in the temperature readings from day to day. This meant that the
starting temperature of water varied greatly between experiments. If the temperature of
water in the cylinder was greater than 75°C at the end of one experiment, the cylinder
was refilled with low temperature mains water before the next experiment. Otherwise if
the temperature of the water was 75°C at the end of one day, it would then be 75°C at
the start of the next day. This would be unrealistic on-farm as the water temperature is
unlikely to reach 75°C over the course of the day and hence a scenario where the
temperature is 75°C in the morning would likely never happen.
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STWH experimental results are listed in Appendix B, Table B.2. An important
consideration for STWH systems is the STWH system efficiency (η). In this study η
refers to the percentage of total energy from solar irradiance which is transferred to the
water cylinder. It was calculated using Equation 4.3:

𝜂=

∆𝐸𝑤,𝑠𝑡𝑤ℎ (𝑡)
,
𝐸𝑠 (𝑡)

(4.3)

Where η = System efficiency (%), ∆𝐸𝑤,𝑠𝑡𝑤ℎ (𝑡) = Energy gained by water using STWH
system at time step t (kJ), 𝐸𝑠 = Energy provided by solar irradiance at time step t (kJ).
∆𝐸𝑤,𝑠𝑡𝑤ℎ (𝑡) was calculated using Equation 4.5.
4.2.2.3 STWH model development and validation
An MLR modelling approach was used to obtain mathematical coefficients for
equations to evaluate the STWH process. This approach was used since the mechanistic
physics-based STWH models listed in Section 2.3.1 resulted in poor prediction accuracy
(RPE >20%) for this application when analysed using the data collected as described in
Section 4.2.2.2. As was the case with the HR modelling (Section 4.2.1), the
computational complexity of the mechanistic models was taken into consideration as a
full year of model outputs was required for each farm setup analysed in the optimisation
space. Hence a model with high computational complexity would result in significant
extra computation requirements when included in the optimisation process. MLR
models have fewer coefficients and lower computational complexity, and therefore were
used in the modelling of STWH systems. A time step of 30 minutes was employed for
the MLR model. The STWH MLR development and validation procedure was the same
as that described in Sections 4.2.1.3 and 4.2.1.4. Seven independent variables were
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considered and analysed for predicting the dependent variable using MLR. The
dependent variable was the water temperature at time step t (𝑇𝑤,𝑠𝑡𝑤ℎ (t)). The
independent variables were the water temperature at the previous time step (𝑇𝑤,𝑠𝑡𝑤ℎ (𝑡 −
1)), the mean inlet HTF temperature between the previous and current time step
̅̅̅̅
(𝑇
ℎ,𝑖 (𝑡)), the mean outlet HTF temperature between the previous and current time step
̅̅̅̅̅
(𝑇
ℎ,𝑜 (𝑡)), the size of the solar array used (𝑆𝑠𝑎 ), the mean irradiance between the
previous and current time step (𝑖𝑟𝑟
̅̅̅̅(𝑡)), the mean ambient temperature between the
̅̅̅̅̅̅
previous and current time step (𝑇
𝑎𝑚𝑏 (𝑡)), and the mean wind speed between the
previous and current time step (𝑤𝑠
̅̅̅̅(𝑡)). Data at all time steps with a low mean
irradiance value (less than 100 W/m2) were discarded prior to model development as the
STWH system was likely not in use at these times since the flow was dependent on a
7°C temperature difference between the bottom of the water tank and the HTF exiting
the solar array. The weather data utilised for STWH MLR model development and
validation is summarised in Appendix B, Table B.2. STWH MLR model coefficients
and validation results can be found in Section 4.3.2.3.
4.2.2.4 Integration of STWH model with MECD
To assess the potential of STWH systems on dairy farms, it was necessary to use the
STWH model described above with the MECD. To do this the STWH model outputs
used the same 12 × 24 structure described in Section 4.2.1.5. Thus, the farm water
heating electricity requirement when the farm utilised a STWH system was as follows:

𝑄𝑤ℎ (𝑖, 𝑗) = 𝑄𝑤ℎ,𝑚𝑒𝑐𝑑 (𝑖, 𝑗) −
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Where 𝑄𝑤ℎ (𝑖, 𝑗) = total farm water heating electricity requirement in month 𝑖 (1–12)
and hour 𝑗 (1–24) (kWh), 𝑄𝑤ℎ,𝑚𝑒𝑐𝑑 (𝑖, 𝑗) = farm water heating electricity requirement in
month 𝑖 and hour 𝑗 using no STWH system, calculated using the MECD (kWh),
∆𝐸𝑤,𝑠𝑡𝑤ℎ (𝑖, 𝑗) = energy gained by water using STWH system in month 𝑖 and hour 𝑗 (kJ).
The value for ∆𝐸𝑤,𝑠𝑡𝑤ℎ (𝑖, 𝑗) was converted to electricity (kWh) by dividing by 3600.
The value of ∆𝐸𝑤,𝑠𝑡𝑤ℎ was calculated at each time step as follows:
∆𝐸𝑤,𝑠𝑡𝑤ℎ (t) = 𝑚𝑤,𝑠𝑡𝑤ℎ 𝑐𝑃,𝑤 (𝑇𝑤,𝑠𝑡𝑤ℎ (𝑡) − 𝑇𝑤,𝑠𝑡𝑤ℎ (𝑡 − 1))

(4.5)

Where ∆𝐸𝑤,𝑠𝑡𝑤ℎ (t) = Energy gained by water in water tank at time step t (kJ), 𝑚𝑤,𝑠𝑡𝑤ℎ
= Mass of water in STWH water tank (kg), 𝑐𝑃,𝑤 = Specific heat of water (kJ/kg.K),
𝑇𝑤,𝑠𝑡𝑤ℎ (𝑡) = Water temperature in water tank at time step t, calculated using the
developed STWH model (Section 4.3.2.3).
4.2.3 Optimisation
4.2.3.1 Optimisation procedure
The weighted sum method (Section 2.4.6) was used for optimisation of two objective
functions, with GA being used in tandem with weighted sum method to optimise a
combined objective function due to its applicability to the problem of dairy farm
optimisation as shown in Chapter 3. To find the optimal dairy farm technology,
management practice and electricity tariff combination using a specified economic and
environmental trade-off parameter, the economic criterion considered was average
annual farm after tax net profit (ATNP) over a specified time horizon in years. The
environmental criterion considered was the average annual farm electricity related CO2
emissions (CE) over the same time horizon.
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4.2.3.2 Economic criterion – After tax net profit (ATNP)
The procedure for economically assessing specific configurations of farm technology,
management practices and electricity tariffs is shown in Figure 4.6. A dairy farm
scenario of interest, i.e. a dairy farm with a particular technology, management and
electricity tariff combination, was entered into the MECD described in Section 2.2.2.
The scenario of interest was defined using 45 variables relating to herd management,
milk cooling, water heating, precooling, milking machine, miscellaneous, pricing and
price fluctuation. More information on these variables can be found in Sections 3.2.1 –
3.2.3. An additional variable included in this study pertained to the use of HR or STWH
on the farm. This is described in further detail in Section 4.2.3.4. Of the 45 variables, 34
were fixed variables while 11 were decision variables. Upon the input of these
variables, the total annual electricity consumption and related costs for the farm with the
specified fixed and decision variables were calculated using the MECD. Investment
costs of the selected equipment were also taken into account. These investment costs
were used, along with farm financial performance data from the Teagasc eProfit
monitor (Teagasc, 2017a) to calculate the annual after tax net profit (ATNP) of the
specified farm over a specified time horizon (in years). The ATNP was calculated using
the method described in Upton et al. (2015a).
4.2.3.3 Environmental criterion – CO2 Emissions (CE)
When a dairy farm scenario of interest was entered into the MECD, the farm
environmental performance was also computed (Figure 4.6). The total farm electricity
consumption was calculated in a 12×24 matrix structure as described in Section 2.2.2.
To compute the CE associated with this electricity consumption, the CO2 intensity per
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kWh of electricity consumed for the Republic of Ireland in 2016 was used. This was
downloaded from Eirgrid (2018) at a resolution of 15 minutes and used to create a
12×24 CO2 matrix which was multiplied by the electricity consumption matrix to
compute the CE matrix. The CE matrix ensured that the CO2 intensity per kWh of
electricity consumed varied every hour of the day and month of the year. Upon creation
of the CE matrix, the total annual CE for the farm with the specified fixed and decision
variables could be calculated.

Figure 4.6: Procedure for calculating after tax net profit and electricity related CO2 emissions for a farm with
a specific technology, management practice and electricity tariff combination i.e. a scenario of interest.

4.2.3.4 Decision variables
11 decision variables were used for economic and environmental optimisation. More
details on these decision variables can be found in Section 3.2.3. They are described
below:


Milk cooling system (MCS) – Two options considered: Direct expansion (DX)
and Ice bank (IB).
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Ice Bank start time (Tib) – Times considered from 0:00 to 23:00 in hourly
increments.



Precooling (PC) – Two possibilities considered – “Yes” or “No” option.



Water heating system (WHS) – Three water heating systems considered –
electric, oil and gas.



Water heating timer (WHT) – Two possibilities considered – “Yes” or “No”
option.



Water heating timer start time (Twh) – Times considered from 0:00 to 23:00 in
hourly increments.



Morning milking start time (MTm) – Two options considered – 07:00 or 08:00.



Evening milking start time (MTe) – Two options considered – 17:00 or 18:00.



Variable speed drives (VSDs) – Two possibilities considered – “Yes” or “No”
option.



Electricity tariff (ET) – Two options considered – Day/Night (DN) and Real
time pricing (RTP) electricity tariffs. More details on these tariffs can be found
in Section 3.2.3.12.



Water heating energy efficient technologies (WHET) – Seven options
considered – Five sizes of STWH systems, ranging in size from 2 m2 to 10 m2 in
increments of 2 m2, one option whereby a HR system was used and one option
whereby neither STWH nor HR were used. The option to employ both a STWH
system and a HR system simultaneously was not considered as they provide
similar functions. The use of HR on a dairy farm reduces the farm water heating
load and improves the milk cooling system COP (Appendix B, Table B.1). The
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use of a STWH system on a dairy farm reduces the farm water heating load but
it does not improve the milk cooling system COP. Hence the WHET decision
variable may potentially affect the selection of other decision variables in the
multi-objective optimisation including milk cooling system, ice bank start time,
water heating system, water heating timer, water heating timer start time and
electricity tariff.
4.2.3.5 Objective Function
The previously described economic and environmental criteria were used as objective
functions for the multi-objective optimisation carried out in this study. These objective
functions were as follows:
𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝐴: 𝑀𝑎𝑥𝑖𝑚𝑖𝑠𝑒 𝐴𝑇𝑁𝑃(𝑥)

(4.6)

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝐵: 𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒 𝐶𝐸(𝑥)

(4.7)

Where 𝑥 = vector of 11 decision variables, 𝐴𝑇𝑁𝑃(𝑥) = average after tax net profit over
the specified time horizon using 𝑥 decision variables, 𝐶𝐸(𝑥) = average annual farm
electricity related CO2 emissions over the specified time horizon using 𝑥 decision
variables. The method for obtaining 𝐴𝑇𝑁𝑃(𝑥) and 𝐶𝐸(𝑥) is described in Sections
4.2.3.2 and 4.2.3.3.
The overall objective function 𝐽(𝑥) (Equation 4.8) was defined as a weighted sum of
objective functions A and B. This equation has previously been utilised in several
studies involving energy use and energy storage including those by García-Villalobosa
et al. (2016), Hou et al. (2018) and Yang et al. (2014).
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𝑀𝑎𝑥𝑖𝑚𝑖𝑠𝑒 𝐽(𝑥) = ∝ (𝐴𝑇𝑁𝑃 (𝑥)′) + (1−∝)(𝐶𝐸(𝑥)′)

(4.8)

Where ∝ = trade-off parameter in the range [0,1] which assigned relative importance to
objective functions A and B, 𝐴𝑇𝑁𝑃 (𝑥)′ = 𝐴𝑇𝑁𝑃(𝑥) normalised to a value in the
interval [0,1], 𝐶𝐸(𝑥)′ = 𝐶𝐸(𝑥) normalised to a value in the interval [0,1]. 𝐴𝑇𝑁𝑃 (𝑥)′
and 𝐶𝐸(𝑥)′ were computed using Equations 4.9 and 4.10. This method has previously
been employed by Karmellos et al. (2015).

𝐴𝑇𝑁𝑃(𝑥)′ =

𝐴𝑇𝑁𝑃(𝑥) − 𝐴𝑇𝑁𝑃𝑚𝑖𝑛
𝐴𝑇𝑁𝑃𝑚𝑎𝑥 − 𝐴𝑇𝑁𝑃𝑚𝑖𝑛

(4.9)

Where 𝐴𝑇𝑁𝑃(𝑥) = average after tax net profit using 𝑥 decision variables, 𝐴𝑇𝑁𝑃𝑚𝑎𝑥 =
Maximum ATNP value if ATNP is maximised as a single objective problem, 𝐴𝑇𝑁𝑃𝑚𝑖𝑛
= Minimum ATNP value if ATNP is minimised as a single objective problem.

𝐶𝐸(𝑥)′ = 1 −

𝐶𝐸(𝑥) − 𝐶𝐸𝑚𝑖𝑛
𝐶𝐸𝑚𝑎𝑥 − 𝐶𝐸𝑚𝑖𝑛

(4.10)

Where 𝐶𝐸(𝑥) = average annual farm electricity related CO2 emissions using 𝑥 decision
variables, 𝐶𝐸𝑚𝑎𝑥 = Maximum CE value if CE is maximised as a single objective
problem, 𝐶𝐸𝑚𝑖𝑛 = Minimum CE value if CE is minimised as a single objective problem.
For the analysis presented, the 11 decision variables were represented using a vector of
integer values: [MCS, Tib, PC, WHS, WHT, Twh, MTm, MTe, VSD, ET, WHET]. GA
was used to select the 11 decision variables which maximised J(x) for eleven different
values of α, ranging from 0 to 1 in increments of 0.1.
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Once optimisation was performed for all 11 values of α, a performance measure referred
to as the annual cost per kilogram of CO2 saved upon addition of a particular technology
(CPC) was calculated as follows:

𝐶𝑃𝐶∝=𝑖 =

𝐴𝑇𝑁𝑃∝=𝑖+0.1 − 𝐴𝑇𝑁𝑃∝=𝑖
𝐶𝐸∝=𝑖+0.1 − 𝐶𝐸∝=𝑖

(4.11)

Where 𝐶𝑃𝐶∝=𝑖 = annual cost per kilogram of CO2 saved for an α value of 𝑖 (€),
𝐴𝑇𝑁𝑃∝=𝑖 = average after tax net profit for an α value of 𝑖 (€), 𝐶𝐸∝=𝑖 = average annual
electricity related CO2 emissions for an α value of 𝑖 (€).
This performance measure was used in order to monetarily quantify the environmental
benefits associated with a change of dairy farm configuration associated with a change
in trade-off parameter α.
4.2.3.6 Test cases for multi-objective optimisation
The first test case (Scenario A) was the same as that used in Chapter 3 and Upton et al.
(2015a) i.e. a farm with a yearly milk output of 774,089L and herd size of 195 cows.
Figure 4.7 shows the configuration of a typical dairy farm including the potential
addition of energy efficient technologies STWH and HR. The second test case (Scenario
B) was identical to Scenario A but with the electricity tariff decision variable fixed at
real time pricing. This was carried out to evaluate whether the use of dynamic electricity
pricing impacted significantly on optimal farm configurations, or whether it improved
the potential for use of STWH and HR systems on dairy farms. One year of weather
data was required for scenario simulation, which is summarised in Section 4.2.4.2.
Relevant investment costs including cost of installation for the equipment used in the
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test cases are shown in Table 4.3. These were based on information taken from relevant
equipment suppliers, while the costs for other equipment can be found in Table 3.2.

Figure 4.7: Dairy farm process showing the flow of milk and water and the main electricity consuming
processes – milk cooling system, water heating system and milking machine as well as energy efficient
technologies STWH and HR.

Table 4.3: Investment costs for equipment used in the test cases, including installation costs.

Technology
STWH system (per m2)
HR system

Investment cost (€)
1,000
6,000

Electricity, gas, oil and milk prices remained static year-on-year over a ten year time
horizon. The starting prices of these commodities for the test case were as follows: Oil
and gas prices were €0.08/kWh and €0.06/kWh respectively (SEAI, 2018), while milk
price was €0.33/L and the starting electricity price depended on the electricity tariff
chosen.
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4.2.3.7 GA implementation for multi-objective optimisation
The GA implementation for this chapter is illustrated in Figure 4.8. The overall
objective function (Equation 4.8) was used to assess the performance of a population of
different decision variable combinations. These combinations were then rearranged
based on their performance using genetic operators including crossover and mutation. A
stopping criterion in the form of a maximum number of iterations was applied. The
parameters for the GA were selected based on the method described in Section 3.2.6.1.
The parameters selected were as follows: Population size = 120, Type of selection =
Rank selection, Type of crossover = Two point crossover, Crossover probability = 0.85,
Mutation probability = 0.05.

Figure 4.8: Procedure for multi-objective optimisation in this study.
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4.2.4 Data for model validation and test case simulation
4.2.4.1 MLR development and validation data
Data utilised for the development and validation of the HR, COP and STWH MLR
models (described in Sections 4.2.1.3, 4.2.1.6 and 4.2.2.3) are summarised in Appendix
B, Tables B.1 and B.2.
4.2.4.2 Test case simulation data
To simulate the test cases described in Section 4.2.3.6, one full year of weather data was
required. The data obtained for this purpose consisted of six years of irradiance, wind
speed and ambient temperature measurements (2013 to 2018 inclusive) obtained from
six weather stations throughout Ireland (Figure 4.9). Data was averaged over the six
year period and over the six locations in order to represent a typical year of Irish
weather conditions. The data, provided by Met Éireann (2018) was aggregated to
represent a 30 minute resolution for input into the developed HR, COP and STWH
models. Table C.1 in Appendix C contains a summary of the data for each month over
the six year average. This data will also be used for simulations in Chapters 5 and 6.
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Figure 4.9: Locations of six weather stations throughout Ireland (Google, 2019) from which six years of data
was used for simulations.

4.3 Results
Note: All results obtained using MATLAB 2014a.
4.3.1 Experimental results
Data pertaining to the experiments described in Sections 4.2.1.2 and 4.2.2.2, including
the minimum, mean, maximum and standard deviation of experimental parameters such
as water temperatures and weather conditions are shown in Appendix B, Tables B.1 and
B.2 for HR and STWH experiments respectively.
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4.3.2 Model validation
4.3.2.1 HR model
The independent variable combination which provided the most accurate MLR model
for HR water tank temperature prediction contained three variables – namely 𝑇𝑤,ℎ𝑟 (𝑡 −
1), 𝑇𝑚 (𝑡 − 1) and ̅̅̅̅̅̅
𝑇𝑎𝑚𝑏 (𝑡). 𝑅𝑚𝑤 was not included in the optimal independent variable
combination, which was obtained using all subsets regression based on the RPE
(Section 4.2.1.4). No variables were eliminated due to multicollinearity. The HR water
tank temperature MLR prediction model resulted in a RMSE of 0.39°C, a RPE of 0.9%,
a CCC of 0.99 and a MAPE of 0.7%, as shown in Table 4.7. This indicated satisfactory
model prediction, according to a rating system described by Fuentes-Pila et al. (1996)
and excellent strength of agreement between actual and predicted values, according to a
rating system described by McBride (2005). Similar results were seen when using
multiple nonlinear regression, with negligible improvements less than 0.001% over the
MLR model in RMSE, RPE, CCC, and MAPE. The MLR coefficients for the HR model
are shown in Table 4.4.

Table 4.4: HR model coefficients: water temperature at previous time step ( 𝑻𝒘,𝒉𝒓 (𝒕 − 𝟏)), milk temperature at
previous time step (𝑻𝒎 (𝒕 − 𝟏)), mean ambient temperature between the previous and current time step
̅̅̅̅̅̅̅
(𝑻
𝒂𝒎𝒃 (𝒕)) and the constant term (c).

Variable

𝑇𝑤,ℎ𝑟 (𝑡 − 1)

𝑇𝑚 (𝑡 − 1)

̅̅̅̅̅̅
𝑇𝑎𝑚𝑏 (𝑡)

c

Coefficient

0.87

0.11

− 0.02

6.40
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4.3.2.2 Milk cooling system COP model
The independent variable combination which provided the most accurate MLR model
for milk cooling system COP prediction contained three variables – namely 𝑇𝑤,ℎ𝑟 (𝑡 −
1), 𝑇𝑚 (𝑡 − 1) and 𝑅𝑚𝑤 . ̅̅̅̅̅̅
𝑇𝑎𝑚𝑏 (𝑡) was not included in the optimal independent variable
combination. No variables were eliminated due to multicollinearity. The milk cooling
system COP prediction model resulted in a RMSE of 0.19, a RPE of 6.1%, a CCC of
0.85 and a MAPE of 5.3%, as shown in Table 4.7, indicating satisfactory model
prediction and substantial strength of agreement between actual and predicted values.
Similar results were seen when using multiple nonlinear regression as those described in
Section 4.3.2.1. The MLR coefficients for COP prediction are shown in Table 4.5.
Table 4.5: Milk cooling system COP model coefficients: water temperature at previous time step (𝑻𝒘,𝒉𝒓 (𝒕 −
𝟏)), milk temperature at the previous time step (𝑻𝒎 (𝒕 − 𝟏)), ratio of volume of milk in the milk tank to
volume of water in the water tank (𝑹𝒎𝒘 ) and the constant term (c).

Variable

𝑇𝑤,ℎ𝑟 (𝑡 − 1)

𝑇𝑚 (𝑡 − 1)

𝑅𝑚𝑤

c

Coefficient

− 0.01

0.04

0.01

2.69

4.3.2.3 STWH model
The independent variable combination which provided the most accurate MLR model
for STWH water tank temperature prediction contained three variables – namely
𝑇𝑤,𝑠𝑡𝑤ℎ (𝑡 − 1), 𝑆𝑠𝑎 , and 𝑖𝑟𝑟
̅̅̅̅(𝑡). ̅̅̅̅̅̅
𝑇𝑎𝑚𝑏 (𝑡) and 𝑤𝑠
̅̅̅̅(𝑡) were not included in the optimal
independent variable combination. ̅̅̅̅
𝑇ℎ,𝑖 (𝑡) and ̅̅̅̅̅
𝑇ℎ,𝑜 (𝑡) were eliminated due to
multicollinearity. The STWH water tank temperature prediction model resulted in a
RMSE of 0.49°C, a RPE of 1.1%, a CCC of 0.99 and a MAPE of 0.9%, as shown in
Table 4.7, indicating satisfactory model prediction and excellent strength of agreement
between actual and predicted values. Similar results were seen when using multiple
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nonlinear regression as those described in Section 4.3.2.1. The MLR coefficients for
STWH water tank temperature prediction are shown in Table 4.6.

Table 4.6: STWH model coefficients: water temperature at previous time step (𝑻𝒘,𝒔𝒕𝒘𝒉 (𝒕 − 𝟏)), size of solar
̅̅̅̅̅(𝒕)) and the constant term
array used (𝑺𝒔𝒂 ), mean irradiance between the previous and current time step (𝒊𝒓𝒓
(c).

Variable

𝑇𝑤,𝑠𝑡𝑤ℎ (𝑡 − 1)

𝑆𝑠𝑎

𝑖𝑟𝑟
̅̅̅̅(𝑡)

c

Coefficient

0.97

0.06

0.01

0

Table 4.7: Model performance for HR, COP and STWH MLR models, using the relative prediction error
(RPE), concordance correlation coefficient (CCC), root mean square error (RMSE), mean absolute percentage
error (MAPE), mean square prediction error (MSPE), mean bias (MB), line bias (LB), random variation (RV),
number of data points at a resolution of 30 minutes (n) and outliers removed.

Model

RPE

CCC

RMSE

MAPE

HR
0.9%
COP 6.1%
STWH 1.1%

0.99
0.85
0.99

0.39°C
0.19
0.49°C

0.7%
5.3%
0.9%

MSPE

MB LB

RV

n

0.15°C2 0% 0% 100% 71
0.03
0% 0% 100% 71
0.24°C2 0% 2% 97% 435

Outliers
removed
4.1%
4.1%
2.8%

4.3.3 Multi-objective optimisation results
The multi-objective optimisation results for Scenario A are shown in Table 4.8. The
optimal combination of decision variables for each of the 11 α values are listed, along
with their corresponding average annual ATNP and CE values over the ten year time
horizon. The CPC (Equation 4.11) is also listed for each value of α. When an α value of
1 was used, the optimal MCS, WHS, MTm , MTe and ET were DX, Electric, 07:00,
18:00 and DN, respectively while using precooling, a water heating timer with a start
time of 0:00, no VSDs and no water heating energy efficient technology, with T ib not
being applicable. This optimal scenario had an ATNP of €61,876 and CE of 14,217 kg,
while CPC was not applicable. Upon reducing α, the optimal scenario remained the
same as that for α = 1 until an α of 0.8 was reached at which point the water heating
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system changed to gas and the ATNP, CE and CPC were €61,720, 11,055 kg and €0.05
respectively. The optimal scenario remained the same as that for α = 0.8 until an α of
0.5 was reached at which point VSDs were added and the ATNP, CE and CPC were
€61,405, 9,731 kg and €0.24 respectively. The optimal scenario remained the same as
that for α = 0.5 until an α of 0.2 was reached at which point a HR system was added and
the ATNP, CE and CPC were €60,631, 8,574 kg and €0.67 respectively. The optimal
scenario remained the same from α = 0.2 to α = 0. Interactions between key decision
variables and the outputs of the multi-objective optimisation carried out for Scenario A
are shown in Appendix D, Figure D.1. These interactions illustrate how much influence
changes in a single decision variable could have on the ATNP and CE outputs.
The results for Scenario B are shown in Table 4.9. For an α value of 1, the optimal
MCS, WHS, MTm and MTe, were DX, Gas, 07:00 and 18:00 respectively while using
precooling, no VSDs and no water heating energy efficient technology, with Tib, WHT
and Twh not being applicable. This optimal scenario had an ATNP of €61,638 and CE of
11,055 kg, while CPC was not applicable. Upon reducing α, the optimal scenario
remained the same as that for α = 1 until an α of 0.5 was reached at which point VSDs
were added and the ATNP, CE and CPC were €61,336, 9,731 kg and €0.23
respectively. The optimal scenario remained the same as that for α = 0.5 until an α of
0.2 was reached, at which point a HR system was added and the ATNP, CE and CPC
were €60,561, 8,574 kg and €0.67 respectively. The optimal scenario remained the same
from α = 0.2 to α = 0.
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Table 4.8: Multi-objective optimisation results for Scenario A*. Optimal combinations of all 11 decision variables are shown as well as all eleven trade -off parameters (α) and
optimal values of annual after tax net profit (ATNP) (€), annual electricity related CO2 emissions (CE) (kg) and cost per kilogram of CO 2 saved (€).
100%
economic
optimisation

100%
environmental
optimisation

α
Morning milking start time
Evening milking start time
Electricity tariff
Milk cooling system
Ice bank start time
Precooling
Water heating system
Water heating timer
Timer start time
VSDs
WHET
Annual ATNP (€)
Annual CE (kg)
Cost per kg CO2 saved (€)

Model outputs
0
0.1
0.2
0.3
0.4
0.5
0.6
07:00 07:00 07:00 07:00 07:00 07:00 07:00
18:00 18:00 18:00 18:00 18:00 18:00 18:00
DN
DN
DN
DN
DN
DN
DN
DX
DX
DX
DX
DX
DX
DX
N/A
N/A
N/A
N/A
N/A
N/A
N/A
YES
YES
YES
YES
YES
YES
YES
GAS
GAS
GAS
GAS
GAS
GAS
GAS
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
YES
YES
YES
YES
YES
YES
NO
HR
HR
HR
NO
NO
NO
NO
60,631 60,631 60,631 61,405 61,405 61,405 61,720
8,574 8,574 8,574 9,731 9,731 9,731 11,055
N/A
N/A
0.67
N/A
N/A
0.24
N/A

0.7
0.8
0.9
1
07:00 07:00
07:00
07:00
18:00 18:00
18:00
18:00
DN
DN
DN
DN
DX
DX
DX
DX
N/A
N/A
N/A
N/A
YES
YES
YES
YES
GAS
GAS ELECTRIC ELECTRIC
N/A
N/A
YES
YES
N/A
N/A
0
0
NO
NO
NO
NO
NO
NO
NO
NO
61,720 61,720
61,876
61,876
11,055 11,055
14,217
14,217
N/A
0.05
N/A
N/A

*Scenario A = Farm with a yearly milk output of 774,089L and herd size of 195 cows; Scenario B = as per Scenario A but with a mandatory real time pricing electricity tariff for the farm.
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Table 4.9: Multi-objective optimisation results for Scenario B*. Optimal combinations of all 11 decision variables are shown as well as all eleven t rade-off parameters (α) and
optimal values of annual after tax net profit (ATNP) (€), annual electricity related CO2 emissions (CE) (kg) and cost per kilogram of CO 2 saved (€).
100%
economic
optimisation

100%
environmental
optimisation

α
Morning milking start time
Evening milking start time
Electricity tariff
Milk cooling system
Ice bank start time
Precooling
Water heating system
Water heating timer
Timer start time
VSDs
WHET
Annual ATNP (€)
Annual CE (kg)
Cost per kg CO2 saved (€)

0
07:00
18:00
RTP
DX
N/A
YES
GAS
N/A
N/A
YES
HR
60,561
8,574
N/A

0.1
07:00
18:00
RTP
DX
N/A
YES
GAS
N/A
N/A
YES
HR
60,561
8,574
N/A

0.2
07:00
18:00
RTP
DX
N/A
YES
GAS
N/A
N/A
YES
HR
60,561
8,574
0.67

0.3
07:00
18:00
RTP
DX
N/A
YES
GAS
N/A
N/A
YES
NO
61,336
9,731
N/A

Model outputs
0.4
0.5
0.6
07:00
07:00
07:00
18:00
18:00
18:00
RTP
RTP
RTP
DX
DX
DX
N/A
N/A
N/A
YES
YES
YES
GAS
GAS
GAS
N/A
N/A
N/A
N/A
N/A
N/A
YES
YES
NO
NO
NO
NO
61,336 61,336 61,638
9,731
9,731
11,055
N/A
0.23
N/A

0.7
07:00
18:00
RTP
DX
N/A
YES
GAS
N/A
N/A
NO
NO
61,638
11,055
N/A

0.8
07:00
18:00
RTP
DX
N/A
YES
GAS
N/A
N/A
NO
NO
61,638
11,055
N/A

0.9
07:00
18:00
RTP
DX
N/A
YES
GAS
N/A
N/A
NO
NO
61,638
11,055
N/A

1
07:00
18:00
RTP
DX
N/A
YES
GAS
N/A
N/A
NO
NO
61,638
11,055
N/A

*Scenario A = Farm with a yearly milk output of 774,089L and herd size of 195 cows; Scenario B = as per Scenario A but with a mandatory real time pricing electricity tariff for the farm.
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4.4 Discussion
The results for Scenario A (Table 4.8) show that for an α of 1, the optimal farm
technology configuration was the same as that found in Chapter 3. This was despite the
potential inclusion of STWH and HR in the optimisation space. In fact, neither STWH
nor HR systems were included in the optimal dairy farm configuration until an α of 0.2
was used (i.e. environmentally heavy weighting of the overall objective function).
While the use of a HR system became optimal at this point, its CPC was high at €0.67
per kg CO2. This indicated that although the HR system reduced CE compared to the
farm configuration where α = 0.3, the corresponding loss in ATNP upon addition of a
HR system was significant. As α values decreased from a value of 1, it could be seen
that there were two technologies added to the optimal farm configuration before HR:
gas water heating and VSDs. Gas water heating was added to the optimal farm
configuration at an α of 0.8 with a low CPC of €0.05 per kg CO2, indicating that CE
reductions upon its inclusion were large compared to the loss in ATNP. This can be
explained by the fact that gas water heating systems, while not significantly less
expensive to install than technologies such as VSDs, utilise gas for water heating rather
than the more carbon intensive electricity. It has been shown in Ireland that gas has
almost half of the carbon intensity of electricity (SEAI, 2019), and hence a large
reduction can be seen in CE relative to the corresponding decrease in ATNP when
converting from electric water heating to gas. VSDs were added to the optimal farm
configuration at an α of 0.5 and had a higher CPC than gas (€0.24 per kg CO2) but a
lower CPC than HR. When changing from economic optimisation (α=1) to
environmental optimisation (α=0), it could be seen that annual farm electricity related
CO2 emissions were reduced by 40%.
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The results for Scenario B (Table 4.9), whereby a mandatory electricity tariff of RTP
was used, show that for an α of 1 the optimal farm configuration was similar to that for
Scenario A, with a gas water heating system being selected instead of electric water
heating. As α values decreased, it could be seen that VSDs were added to the optimal
farm configuration before HR, at an α of 0.5 with a CPC of €0.23 per kg CO2. The use
of an RTP tariff did not improve the economic performance of STWH or HR systems,
with neither being included in the optimal farm configuration until HR was added at an
α value of 0.2. The ATNP of the farm also reduced upon implementation of the RTP
tariff, compared to the corresponding ATNP values for Scenario A, agreeing with the
results of Upton et al. (2015b).
Comparing the results of Scenario B with those of Scenario A, it is clear that the
constraining of the electricity tariff to RTP changed little relating to optimal technology
configuration and management practices. One difference between the two scenarios was
that electric water heating was optimal at α values of 1 and 0.9 for Scenario A, whereas
it was never optimal for Scenario B, with gas water heating being chosen for all values
of α. This was likely due to the higher night time electricity price of the RTP tariff
compared to the DN tariff selected in Scenario A.
Under both scenarios, for HR systems to be added to the optimal farm configuration at a
higher α value, their initial cost would need to reduce, perhaps through grant aiding of
the technology. The fact that HR systems only entered the optimal scenario at an α
value of 0.2 indicates that they have long payback periods unlike findings reported in
previous research by Cromarty (1968) and Stinson et al. (1987). Since STWH systems
did not become optimal for any α value, both their economic and environmental
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performance was poorer than HR systems. This indicates that the payback periods for
STWH are even longer than those for HR. This economic infeasibility of STWH
systems agrees with previous results reported by Carpenter et al. (1986) and Upton et al.
(2015a).
In terms of informing policy relating to the widespread implementation of the systems
examined in this chapter, it is clear that gas water heating systems are the most suitable
technology for financial incentivisation i.e. 0.8 is the optimal α value due to the large
reduction in CO2 emissions for relatively little associated cost. An analysis was
conducted based on the figures in Table 4.8 for a 195 cow farm. It was found that grant
aid of 50% on gas water heating systems would allow these systems to pay back within
ten years. The results in Table 4.8 were also scaled up using data on Irish farm sizes and
cow numbers by Kelly et al. (2017), whereby it was estimated that widespread
implementation of gas water heating systems on dairy farms in Ireland could save more
than 20 kilotonnes of CO2 per annum. Hence the introduction of the aforementioned
grant could be greatly beneficial to Ireland’s environmental performance.
Having established how renewable thermal technology affects the optimal dairy farm
configuration and optimal economic and environmental trade-offs, in Chapter 5 the
influence of renewable electrical technology (PV systems) will be investigated. PV
systems will be assessed by developing models to simulate their influence on dairy
farms to evaluate optimal trade-offs between economic and renewable criteria.
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Chapter 5 Using photovoltaic systems for renewable and economic
multi-objective optimisation of dairy farms
5.1 Introduction
Optimising dairy farm technology and management practices under economic and
renewable criteria, including the potential use of PV systems, is important for the
reasons outlined in Chapter 1 and Section 2.5.
In Chapter 4 it was demonstrated that economic and environmental multi-objective
optimisation of dairy farm technology, management practices and electricity tariffs can
be carried out. In this chapter a PV model was used in conjunction with the multiobjective optimisation method from Chapter 4 to assess trade-offs between economic
and renewable criteria.
The aim of this chapter was to carry out economic and renewable multi-objective
optimisation of dairy farm technologies and management practices, to maximise farm
ATNP and maximise farm renewable contribution based on a scalable economic and
renewable trade-off parameter. A PV model was developed and validated using two
separate datasets to represent different PV efficiencies. These were then used to
demonstrate multi-objective optimisation on a test case.

123

Using photovoltaic systems for renewable and economic multi-objective optimisation of
dairy farms

5.2 Materials and Methods
5.2.1 Overview of methodology
Section 5.2.3 describes the methods by which multi-objective optimisation of economic
and renewable criteria on dairy farms was carried out. Figure 5.1 illustrates this process
as well as the typical setup of a dairy farm using PV, whereby a PV system provides
electricity to the farm, as well as exporting excess electricity to the grid if necessary.
The farm also purchases electricity from the grid, but the amount of electricity required
to be purchased varies depending on the size of the PV system used as well as the
farm’s technology configuration and management practices. For example load shifting
may be employed by altering the times when milking, water heating and milk cooling
take place, in order to increase the PV electricity output consumed by the farm. The
multi-objective optimisation carried out in this chapter found the optimal farm
technology and management practice combination to maximise farm after tax net profit
(Section 5.2.3.2) while also maximising farm renewable contribution (Section 5.2.3.3)
over a specified time horizon, based on a joint objective function employing an
economic and renewable trade-off parameter.
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Figure 5.1: Overview of methodology deployed. Multi-objective optimisation is utilised to find the optimal
farm configuration to maximise farm renewable contribution and ATNP based on trade-off parameter α.

5.2.2 Modelling of PV system output
5.2.2.1 Equipment and setup for PV data collection
In order to simulate the output of a PV system and assess its effect on dairy farm
electricity consumption, two PV models were created using data collected from PV
systems located in Dublin, Ireland and Gaithersburg, USA. The Dublin dataset (Dataset
A) which had a module efficiency of 17.2%.was used to evaluate the performance of
average modern PV systems, with the standard efficiency of average commercial panels
in 2019 being 17%. This was according to a report by the Fraunhofer Institute for Solar
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Energy Systems (ISE), the largest institute for applied solar energy research in Europe
(ISE, 2019). The Gaithersburg dataset (Dataset B) which had a module efficiency of
19.6% was used to evaluate the performance of higher efficiency PV systems.


Dataset A: The equipment used to gather this data was located at the FOCAS
Institute building roof top, Dublin Institute of Technology, Dublin, Ireland. The
system was installed in 2008. Details of the system can be found in Ayompe et
al. (2010).



Dataset B: The equipment used to gather this data was located at the Net-Zero
Energy Residential Test Facility (NZERTF) on the National Institute of
Standards and Technology campus in Gaithersburg, Maryland, USA. The
system was installed in 2012. Details of the system can be found in Davis et al.
(2014), and the data is open source (Healy et al., 2018, 2017).

5.2.2.2 Data for PV model development and validation


Dataset A: Data in the form of irradiance (W/m2), Wind speed (m/s), Ambient
temperature (°C) and Power output (W) were recorded for a full year between
April 2009 and March 2010 at five minute intervals. However for the purpose of
this study, which used an hourly time step, it was necessary to obtain average
hourly data values. The irradiance, wind speed and ambient temperature data
used for PV model development and validation is summarised in Table E.1 in
Appendix E.



Dataset B: Data in the form of irradiance (W/m2), Wind speed (m/s), Ambient
temperature (°C) and Power output (W) were recorded for two full years
between July 1, 2013 and June 30, 2014 and between February 1, 2015 and
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January 31, 2016 at one minute intervals. However similar to Dataset A it was
necessary to obtain average hourly data values. The irradiance, wind speed and
ambient temperature data used for PV model development and validation is
summarised in Table E.2 in Appendix E.
5.2.2.3 PV model development
In order to simulate the performance PV systems on dairy farms, it was necessary to
construct mechanistic models which predicted PV system output. A number of the
models described in Section 2.3.1 were tested using the data described in Section
5.2.2.2. Taking into account the balance between model accuracy and complexity, the
model described by Villalva et al. (2009) was used in this work. Some of the models
listed in Section 2.3.1 have greater complexity and therefore require more
computational power to run, with certain PV model types such as the two diode model
(Babu and Gurjar, 2014; Di Vincenzo and Infield, 2013; Elbaset et al., 2014; Ishaque et
al., 2011) containing several extra parameters and more complex equations. In addition
to this, the use of the Newton–Raphson method is required to solve the central equation
in many PV models (Equation 5.1 in this work), while the PV power at the maximum
power point is also required which involves multiple calculations of the central equation
(Section 5.2.2.3). Hence including extra parameters would add further complexity and
require extra computational power. Since the PV model chosen was also going to be
used as part of a complex optimisation problem, adding unnecessary computational
complexity was not desirable, as the model was required to calculate PV electricity
output for 8,760 separate data points (i.e. one year of hourly data) for each run of the
optimisation algorithm. Conversely, some of the models listed in Section 2.3.1 are
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relatively simple and would require little computational power due to the lack of a
complex central equation requiring the Newton-Raphson method and no repetition of
the central equation to find the maximum power point (Saloux et al., 2011). However
the accuracy of these models may not be sufficient for PV simulation. The model
described by Villalva et al. (2009) which was employed in this study uses the equivalent
circuit of an ideal PV cell (Section 2.3.1). The basic equation from the theory of
semiconductors that mathematically describes the current-voltage characteristic of the
ideal PV cell is as follows:
𝑉 + 𝑅𝑠 𝐼
𝑉 + 𝑅𝑠 𝐼
𝐼 = 𝐼𝑝𝑣 − 𝐼𝑜 [𝑒𝑥𝑝 (
) − 1] −
𝑉𝑡 𝑎
𝑅𝑝

(5.1)

Where I and V are the array current and voltage, respectively, Ipv and Io are the PV and
saturation currents, respectively, of the array and Vt is the thermal voltage of the array, a
is the diode ideality constant, Rs is the series resistance and Rp is the parallel resistance.
The parameters Ipv, Io, a, Rs and Rp are unknown. Ideality constant a is completely
empirical and any initial value of a can be chosen (Villalva et al., 2009). This value can
later be altered to improve the model. A value of 1.3 was chosen for a (Villalva et al.,
2009) and thus the four unknown parameters Ipv, Io, Rs and Rp could be determined
using Equations (5.2) – (5.5):
𝑞𝐸𝑔 1 1
𝑇𝑛 3
𝐼𝑜 = 𝐼𝑜,𝑛 ( ) 𝑒𝑥𝑝 ⌊
( − )⌋
𝑇
𝑎𝑘 𝑇𝑛 𝑇
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𝐼𝑜,𝑛 =

𝐼𝑠𝑐,𝑛
𝑉
𝑒𝑥𝑝 ( 𝑜𝑐,𝑛⁄𝑎𝑉 ) − 1

(5.3)

𝑡,𝑛

𝑉𝑚𝑝 + 𝑅𝑠 𝐼𝑚𝑝
𝑞 𝑉𝑚𝑝 + 𝑅𝑠 𝐼𝑚𝑝
𝑉𝑜𝑐 = 𝑉𝑚𝑝 {𝐼𝑝𝑣 − 𝐼𝑜 [𝑒𝑥𝑝 (
)] −
}
𝑘𝑇
𝑎𝑁𝑠
𝑅𝑝

𝑅𝑝 = 𝑉𝑚𝑝 (

𝑉𝑚𝑝 + 𝐼𝑚𝑝 𝑅𝑠
)
𝑉𝑚𝑝 + 𝐼𝑚𝑝 𝑅𝑠 𝑞
{𝑉𝑚𝑝 𝐼𝑝𝑣 − 𝑉𝑚𝑝 𝐼𝑜 𝑒𝑥𝑝 [
]
+
𝑉
𝐼
−
𝑉
}
𝑚𝑝 𝑜
𝑜𝑐
𝑁𝑠 𝑎
𝑘𝑇

(5.4)

(5.5)

Where Io,n is the nominal saturation current, Tn is the nominal cell temperature (K), T is
the cell temperature (K), Eg is the bandgap energy of the semiconductor (eV), q is the
electron charge (1.60217646 × 10−19 C), k is the Boltzmann constant (1.3806503 × 10−23
J/K), Isc,n is the nominal short circuit current (A), Voc,n is the nominal open circuit
voltage (V), Vt,n is the nominal open thermal voltage (V), Voc is the open circuit voltage
(V), Imp and Vmp are the array current (A) and voltage (V) at maximum power point,
respectively, Ns is the number of cells in series.
To calculate the power output at the maximum power point, a series of voltage values
ranging from 0 V to the open circuit voltage of the array were used in Equation 5.1 to
calculate the equivalent current value. The maximum power generated by multiplying
this current value by the corresponding voltage value was taken as the power at the
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maximum power point. It should be noted that the output power values take into
account both diode and inverter losses. Measured output power values for both datasets
A and B (Section 5.2.2.1) were AC power (i.e. post-inverter) and hence inverter losses
were taken into account. Diode losses were also taken into account.
5.2.2.4 PV model calibration
PV cell manufacturers generally provide datasheet values measured at standard test
conditions. Model parameters Ipv, Io, a, Rs and Rp were determined using Equations (5.2)
– (5.5) above, however these may vary greatly in a real life scenario since arrays from
different manufacturers vary in terms of performance. Hence, the values for Ipv, Io, a, Rs
and Rp found using Equations (5.2) – (5.5) may not be a true reflection of their values
when the PV system is used under real test conditions. Therefore the five parameters
must be tuned using measured data to minimise errors between predicted and actual
power output, in order for the final PV model used in the optimisation space to be as
accurate and as true a reflection of actual conditions as possible. In this chapter a
method similar to that described by Ismail et al. (2013) was used for parameter tuning.
In this method, the five parameters are used as decision variables in a Genetic
Algorithm (GA), whereby the error between measured and predicted power output
represents the GA objective function. The GA uses the selection, crossover and
mutation operators (Section 2.4.2) to alter the decision variables (i.e. the five
parameters) with the goal of minimising the objective function (i.e. the error between
measured and predicted power output).
The five parameters were bounded in the ranges below for the GA (Ishaque et al., 2012;
Muhsen et al., 2015):
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𝐼𝑃𝑉 ∈ [1,8]
𝐼𝑜 ∈ [1 × 10−12 , 1 × 10−5 ]
𝑎 ∈ [1,2]
𝑅𝑠 ∈ [0.1,2]
𝑅𝑝 ∈ [100,5000]
The mean absolute percentage error (MAPE) (Section 2.3.2.2) between hourly
measured and predicted values of PV power output (W) was used as the objective
function value to be minimised, with the method of obtaining the MAPE similar to that
carried out in Section 4.2.1.4. For Dataset A one full year of measured and predicted PV
power output was used, while for Dataset B two full years were used, with the MAPE
for each dataset being calculated based on these data.
Having completed parameter tuning using the method described, the parameters Ipv, Io,
a, Rs and Rp for Dataset A and B are shown in Table 5.1. Other performance measures
for each model’s accuracy such as the RMSE, RPE, CCC and MSPE may be found in
Section 5.3.1.
Table 5.1: Tuned PV model parameters for Dataset A and Dataset B.

Parameter
Ipv (A)
Io (A)
a
Rs (Ω)
Rp (Ω)

Dataset A
6.60
9×10-6
1.76
0.71
300

.
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Dataset B
7.65
6 ×10-7
1.69
1.67
940
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5.2.2.5 Integration of PV model with MECD
To assess the potential of PV systems on dairy farms, it was necessary to use the PV
models described above in conjunction with the MECD (Section 2.2.2). All of the
MECD outputs consisted of a month × daily hour (12×24) matrix structure. Therefore to
utilise the developed PV models in conjunction with the MECD the PV model outputs
used the same structure.
5.2.3 Optimisation
This section describes the multi-objective optimisation carried out to find the optimal
farm technology and management practice combination which maximised the farm
renewable contribution and after tax net profit based on a trade-off parameter.
5.2.3.1 Optimisation procedure
To find the optimal dairy farm technology and management practice combination under
a specified economic and renewable trade-off parameter, the economic criterion
considered was average annual farm ATNP over a specified time horizon in years. The
renewable criterion considered was the annual farm renewable contribution (RC). The
procedure for carrying out multi-objective optimisation in this chapter was similar to
that used in Chapter 4.
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5.2.3.2 Economic criterion – After tax net profit (ATNP)
The procedure for finding the ATNP was the same as that described in Section 4.2.3.2.
An additional decision variable included in this chapter pertained to the use of PV on
the farm. This is described in further detail in Section 5.2.3.4.
5.2.3.3 Renewable criterion – Renewable contribution (RC)
When a dairy farm scenario of interest was entered into the MECD, the farm renewable
performance was also computed. The total farm electricity consumption was calculated
in a 12×24 matrix structure as described earlier. The renewable contribution (RC) was
defined as the amount of the farm’s gross electricity consumption which was provided
by a PV system. It was assumed that any electricity produced by the PV system which
wasn’t consumed on-farm was exported to the national electricity grid. Therefore the
annual renewable contribution for a given farm was calculated as follows:

𝑅𝐶(𝑥, 𝑦) =

𝑄𝑝𝑣 (𝑦)
𝑄𝑓,𝑚𝑒𝑐𝑑 (𝑥)
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Where 𝑅𝐶(𝑥, 𝑦) = Annual Renewable contribution for farm x and PV system y (%),
𝑄 𝑝𝑣 (𝑦) = Annual electricity production of PV system y consumed on-farm (kWh),
𝑄𝑓,𝑚𝑒𝑐𝑑 (𝑥) = Annual electricity consumption of farm x (with no PV system) calculated
using the MECD (kWh).
5.2.3.4 Decision variables
The decision variables used for economic and renewable optimisation are described
below:


Milk cooling system (MCS) – Two options considered: Direct expansion (DX)
and Ice bank (IB).



Ice Bank start time (Tib) – Times considered from 0:00 to 23:00 in hourly
increments.



Precooling (PC) – Two possibilities considered – “Yes” or “No” option.



Water heating system (WHS) – Three water heating systems considered –
electric, oil and gas.



Water heating timer (WHT) – Two possibilities considered – “Yes” or “No”
option.



Water heating timer start time (Twh) – Times considered from 0:00 to 23:00 in
hourly increments.



Morning milking start time (MTm) – Two options considered – 07:00 or 08:00.



Evening milking start time (MTe) – Two options considered – 17:00 or 18:00.
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Variable speed drives (VSDs) – Two possibilities considered – “Yes” or “No”
option.



PV systems – Seven options considered – Six sizes of PV systems, five of which
ranged in size from 2 kWp to 10 kWp in increments of 2 kWp, one of size
11kWp and one option where no PV was used. The hard limit of 11kWp was
used as this is the largest size of PV which may be used for “microgeneration” in
Ireland. In order for a farmer to use a PV system greater than 11kWp to export
electricity to the national grid, they are required to pay application and
modification fees (ESB, 2019). Because of these extra costs the generation of
electricity with PV systems greater than 11kWp was not considered in this
study.

5.2.3.5 Objective Function
The previously described economic and renewable criteria were used as objective
functions for the multi-objective optimisation carried out in this chapter. These
objective functions were as follows:
𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝐴: 𝑀𝑎𝑥𝑖𝑚𝑖𝑠𝑒 𝐴𝑇𝑁𝑃(𝑥)

(5.7)

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝐵: 𝑀𝑎𝑥𝑖𝑚𝑖𝑠𝑒 𝑅𝐶(𝑥)

(5.8)

Where 𝑥 = vector of the 10 decision variables, 𝐴𝑇𝑁𝑃(𝑥) = average after tax net profit
over the specified time horizon using 𝑥 decision variables, 𝑅𝐶(𝑥) = annual farm
renewable contribution over the specified time horizon using 𝑥 decision variables. The
method for obtaining 𝐴𝑇𝑁𝑃(𝑥) and 𝑅𝐶(𝑥) is described in Section 5.2.3.2 and 5.2.3.3.
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The overall objective function 𝐽(𝑥) was defined as a trade-off between farm ATNP
(objective function A) and farm renewable contribution (objective function B), with
both objective functions normalised within the range [0,1] to facilitate the use of tradeoff parameter α, as follows:
𝑀𝑎𝑥𝑖𝑚𝑖𝑠𝑒 𝐽(𝑥) = (∝)(𝐴𝑇𝑁𝑃 (𝑥)′) + (1−∝)(𝑅𝐶(𝑥)′)

(5.9)

Where 𝑅𝐶(𝑥)′ = farm renewable contribution using 𝑥 decision variables normalised to a
value in the interval [0,1]. All other variables are the same as those described in
Equation 4.8
𝐴𝑇𝑁𝑃 (𝑥)′ was calculated using Equation 4.9 and 𝑅𝐶(𝑥)′ was computed using
Equation 5.10.

𝑅𝐶(𝑥)′ =

𝑅𝐶(𝑥) − 𝑅𝐶𝑚𝑖𝑛
𝑅𝐶𝑚𝑎𝑥 − 𝑅𝐶𝑚𝑖𝑛

(5.10)

Where 𝑅𝐶𝑚𝑎𝑥 = Maximum RC value if RC is maximised as a single objective problem,
𝑅𝐶𝑚𝑖𝑛 = Minimum RC value if RC is minimised as a single objective problem.
For the analysis presented, the 10 decision variables were represented using a vector of
integer values: [MCS, Tib, PC, WHS, WHT, Twh, MTm, MTe, VSD, PV]. GA was used
to select the 10 decision variables which maximised J(x) for eleven different values of
α, ranging from 0 to 1 in increments of 0.1.

The following constraints were used in the optimisation process (Equations 5.11–5.14):
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𝑇𝑖𝑏 ≤ 𝑀𝑇𝑚 − 𝐶𝐷

(5.11)

Where 𝑇𝑖𝑏 = Ice bank start time, 𝑀𝑇𝑚 = morning milking start time, 𝐶𝐷 = Maximum
daily milk cooling duration (hours).
𝑇𝑤ℎ ≤ 𝑀𝑇𝑒 + 𝐸𝑀𝐷 − 𝑊𝐻𝐷

(5.12)

Where 𝑇𝑤ℎ = Water heating timer start time, 𝑀𝑇𝑒 = evening milking start time, 𝐸𝑀𝐷 =
Maximum daily evening milking duration (hours), 𝑊𝐻𝐷 = Maximum daily water
heating duration (hours).
07: 00 ≤ 𝑀𝑇𝑚 ≤ 08: 00

(5.13)

Where 𝑀𝑇𝑚 = morning milking start time.
17: 00 ≤ 𝑀𝑇𝑒 ≤ 18: 00

(5.14)

Where 𝑀𝑇𝑒 = evening milking start time.
Once optimisation was carried out, the annual electricity related CO2 emissions (kg)
were calculated for each farm configuration obtained by the 11 α values. This provided
an additional performance measure to assess the optimisation results, but did not affect
the optimisation itself. To obtain the annual electricity related CO2 emissions for a
particular farm configuration the method from Section 4.2.3.3 was used. If electricity
was exported to the grid by a PV system, this electricity could be considered “green”
and therefore would offset electricity related CO2 emissions when purchased from the
grid by other customers i.e. it would be used instead of electricity from fossil fuels.
Hence it was assumed that every kilowatt hour of exported electricity reduced the
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farm’s electricity related CO2 emissions based on the CE matrix described in Section
4.2.3.3.
A further analysis was carried out whereby objective function B was to minimise annual
farm electricity related CO2 emissions, while objective function A (maximise farm
ATNP) remained the same. The multi-objective optimisation procedure to carry out this
analysis was similar to that explained above and performed in Chapter 4. This was
carried out to assess whether a difference exists between the multi-objective
optimisation results when using farm renewable contribution and farm electricity related
CO2 emissions as the second objective function alongside farm ATNP.
5.2.3.6 GA implementation for multi-objective optimisation
The method by which GA was used for multi-objective optimisation for this chapter
was similar to that described in Section 4.2.3.7.
5.2.3.7 Test case for application of methods
The test case used in this chapter was the same as that used in Chapter 4 i.e. a farm with
annual milk yield of 774,089L and a 195 cow spring calving herd. A sensitivity analysis
was carried out whereby grant aid of 40% was applied to the cost of PV systems. A
second sensitivity analysis was also carried out whereby no load shifting was
implemented on the farm and the farm’s water was heated using an electric water
heating system constrained to switch on at midnight. The multi-objective optimisation
using farm renewable contribution and farm ATNP (Section 5.2.3.5) shall be referred to
as Scenario 1 while that using farm electricity related CO2 emissions and farm ATNP
shall be referred to as Scenario 2. The weather data described in Section 4.2.4.2 was
used for simulations. The relevant investment costs including cost of installation for the
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various potential types of equipment used in the test case are shown in Table 3.2, while
the cost per kWp of installed PV system capacity was €1,400, derived by averaging
prices from three Irish PV suppliers (Active8, 2019; LVP, 2019; Solartricity, 2019).
Electricity, gas, oil and milk prices did not fluctuate year-on-year over a ten year time
horizon. The prices of these commodities for the test case were the same as those
described in Chapter 4.

5.3 Results and discussion
Note: All results obtained using MATLAB 2014a.
5.3.1 Model validation results
Using the model parameters described in Table 5.1, the PV model for Dataset A (i.e. PV
Model A) resulted in a RMSE of 45W, a RPE of 10.2%, a CCC of 0.99 and a MAPE of
7.8% (Table 5.2), indicating satisfactory model prediction, according to a rating system
described by Fuentes-Pila et al. (1996) and excellent strength of agreement between
actual and predicted values (McBride, 2005). However, upon assessing model
performance on a month-by-month basis for the dataset (Table E.3, Appendix E), it was
found that the model performance for the months of December and January was
significantly poorer than the other ten months of the year. For the farm used in the test
case (Section 5.2.3.7), the combined milk production of the farm in December and
January was less than 2% of the annual total, while the electricity consumption in these
two months combined was approximately 7% of the total annual consumption. Since
these two months had a negative impact on overall PV model performance and
contributed little to the overall farm electricity consumption or milk production, it was
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decided to exclude these two months and assess the PV model performance again using
the parameters described in Section 5.2.2.4. This improved PV model resulted in a
RMSE of 37 W, a RPE of 8.3%, a CCC of 0.99 and a MAPE of 5.8% (Table 5.2). This
model was then used as part of the multi-objective optimisation test case.
Using the model parameters described in Table 5.1, the PV model for Dataset B (i.e. PV
Model B) resulted in a RMSE of 225W, a RPE of 4.9%, a CCC of 1.00 and a MAPE of
2.9% (Table 5.2), indicating satisfactory model prediction, according to a rating system
described by Fuentes-Pila et al. (1996) and excellent strength of agreement between
actual and predicted values (McBride, 2005). The RMSE and MSPE values were higher
for PV Model B as the PV data used for validation was from a 10.24 kWp system as
opposed to a the 1.72 kWp system for PV Model A. Hence the power output values
were approximately 10 times larger leading to larger RMSE values. However as can be
seen from the RPE, CCC and MAPE values the accuracy of PV Model B was better
than that of PV Model A.
Table 5.2: Model performance for PV Model A (for both a full year (FY) of hourly data and for the milking
season (MS)) and PV Model B for two years of hourly data using RPE, CCC, RMSE, MAPE, MSPE, MB, LB,
RV and number of data points at a resolution of one hour (n).

Model
PV Model A (FY)

RPE
10.2%

PV Model A (MS*)
PV Model B

8.3%
4.9%

CCC
0.99
0.99
1.00

RMSE
45W
37W
225W

MAPE
7.8%
5.8%
2.9%

MSPE
2,011W

2

1,333W

2

50,554 W

2

MB

LB

RV

n

1.0%

0.1%

98.9%

3,416

5.8%

0.6%

93.6%

3,087

1.0%

0.1%

98.8%

5,768

*FY = Full year; MS = Milking season (full year without December and January)

5.3.2 Multi-objective optimisation results
5.3.2.1 PV Model A
When using PV Model A (module efficiency of 17.2% as described in Section 5.2.2.1),
the multi-objective optimisation results for Scenario 1 (optimising farm renewable
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contribution and farm ATNP) are shown in Tables 5.3, 5.4 and 5.5. The optimal
combination of decision variables for each of the 11 α values are listed, along with their
corresponding average annual ATNP and annual renewable contribution to farm gross
electricity consumption (RC) values over the ten year time horizon. The annual
electricity related CO2 emissions are also listed for each value of α, as well as the
electricity exported annually by the PV system (kWh) and the exported electricity as a
percentage of annual PV production. Without PV grant aid (Table 5.3), when an α value
of 1 was used, the optimal milk cooling system, water heating system, morning milking
start time and evening milking start time were DX, Electric, 07:00, and 18:00,
respectively while using milk precooling, a water heating timer with a start time of 0:00,
no VSDs and no PV. This optimal scenario had an ATNP of €61,876, an RC of 0%, no
electricity exported and annual electricity related CO2 emissions of 14,217 kg. Upon
decreasing α, the optimal scenario remained the same as that for α = 1 until an α of 0.5
was reached at which point load shifting of water heating to 10:00 was implemented,
VSDs and an 11 kWp PV system were introduced, and the farm had an annual ATNP of
€59,320, an RC of 34%, 227 kWh electricity exported annually by the PV system (2.3%
of annual PV production), and annual electricity related CO2 emissions of 8,465 kg. The
optimal scenario remained the same for all values of α from 0.4 to 0.
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Figure 5.2: Average daily farm electricity consumption and photovoltaic system electricity production under
Scenario 1 (Table 5.3).

Figure 5.2 shows the average daily electricity consumption profile of the farm under
Scenario 1 when α = 1, as well as the average daily electricity consumption profile of
the farm when α = 0. The consumption profile for α = 0 does not take into account the
use of the 11 kWp PV system selected as part of the optimal configuration for α = 0 in
Table 5.3. The average daily electricity production of the 11 kWp PV system is also
shown in Figure 5.2, as well as the production for the day of the year with maximum PV
output. It should be noted that the electricity production of the PV system varied greatly
depending on weather conditions. Hence the amount of excess electricity exported to
the grid from the PV system also varied day-to-day and month-to-month. Figure 5.2
illustrates the differences between the electricity consumption profiles of the farm for α
values of 0 and 1. It can be seen that when α = 0 load shifting is implemented, with
water heating taking place at 10:00. When α = 1 load shifting is not implemented, with
water heating taking place at 0:00. It can also be seen that when α = 0 the electricity
consumption peaks corresponding to the farm’s milking start times are lower, due to the
reduction in milking machine energy use resulting from the adoption of VSDs. Figure
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5.2 also illustrates why an 11 kWp PV system was selected as part of the optimal
configuration for the farm when α = 0 and why it was not selected when α = 1. It can be
seen that the implementing of load shifting when α = 0 results in a small portion
(approximately 3%) of the annual PV output being exported to the grid. On the other
hand not implementing load shifting (as shown in the electricity consumption profile for
α = 1) would result in a large portion (approximately 90%) of the annual PV output
being exported to the grid. Since no feed-in tariff was used in this analysis, the choice of
a PV system without load shifting would yield relatively low monetary savings.
Furthermore, since load shifting of water heating consumes the majority of PV output,
the requirement for batteries with PV systems on dairy farms could be alleviated.
With PV grant aid of 40% (Table 5.4), results for α values from 1 to 0.7 were the same
as those without PV grant aid (Table 5.3). When an α of 0.6 was used load shifting of
water heating to 10:00 was implemented and an 11 kWp PV system was introduced, and
the farm had an annual ATNP of €60,603, an RC of 31%, 212 kWh electricity exported
annually by the PV system (2.2% of annual PV production), and annual electricity
related CO2 emissions of 9,757 kg. When an α of 0.4 was reached VSDs were
introduced to the optimal scenario, and the farm had an annual ATNP of €60,287, an
RC of 34%, 227 kWh electricity exported annually by the PV system (2.3% of annual
PV production), and annual electricity related CO2 emissions of 8,465 kg. The optimal
scenario remained the same for all values of α from 0.3 to 0.
When the farm’s water heating was constrained to start at midnight using an electric
water heating system (Table 5.5), results for α values from 1 to 0.6 were the same as
those in Table 5.3. When an α of 0.5 was used an 8 kWp PV system was introduced,
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and the farm had an annual ATNP of €60,067, an RC of 6%, 5,063 kWh electricity
exported annually by the PV system (72.0% of annual PV production), and annual
electricity related CO2 emissions of 11,187 kg. When an α of 0.4 was reached an 11
kWp PV system was introduced to the optimal scenario, while the use of precooling was
removed, and the farm had an annual ATNP of €59,200, an RC of 13%, 4,195 kWh
electricity exported annually by the PV system (43.4% of annual PV production), and
annual electricity related CO2 emissions of 14,868 kg. When an α of 0.3 was reached
VSDs were introduced to the optimal scenario, and the farm had an annual ATNP of
€58,912, an RC of 14%, 4,210 kWh electricity exported annually by the PV system
(43.5% of annual PV production), and annual electricity related CO2 emissions of
13,552 kg. The optimal scenario remained the same for all values of α from 0.2 to 0.
The results displayed in Table 5.5 further illustrate the importance of load shifting when
using PV systems on farms. When a PV system was introduced, at least 43.4% of the
PV output was exported to the grid. Milk precooling was also removed at an α value of
0.4 in order to increase the renewable contribution of the farm by increasing the milk
cooling load. This further illustrated the point that load shifting of water heating is
required to consume the majority of PV output on farms.
The multi-objective optimisation results for Scenario 2 (optimising electricity related
CO2 emissions and farm ATNP) without PV grant aid and with PV grant aid are shown
in Tables 5.6 and 5.7 respectively. Without PV grant aid (Table 5.6), when an α value of
1 or 0.9 was used, the optimal farm configuration, ATNP, annual electricity related CO2
emissions, RC, and electricity exported were the same as those for an α value of 1 in
Table 5.3. When an α of 0.8 was reached the water heating system changed to gas and
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the farm had an annual ATNP of €61,720, annual electricity related CO2 emissions of
11,055 kg, a RC of 0% and no electricity exported annually. When an α of 0.5 was
reached VSDs were introduced to the optimal scenario, and the farm had an annual
ATNP of €61,405, annual electricity related CO2 emissions of 9,731 kg, a RC of 0%
and no electricity exported annually. When an α of 0.3 was reached an 11 kWp PV
system was introduced, and the farm had an annual ATNP of €59,075, annual electricity
related CO2 emissions of 5,434 kg, an RC of 4 %, and 8,328 kWh electricity exported
annually by the PV system (86.1 % of annual PV production). The optimal scenario
remained the same for α values from 0.2 to 0. With PV grant aid of 40% (Table 5.7),
results for α values from 1 to 0.4 were the same as those without PV grant aid (Table
5.6). Results for α values from 0.3 to 0 were also the same as those in Table 5.6, but
with a higher annual ATNP of €60,042 due to the implementation of grant aid.
5.3.2.2 PV Model B
When using PV Model B (module efficiency of 19.6% as described in Section 5.2.2.1),
the optimal farm configuration results were largely similar to those found when using
PV Model A. Comparing the use of PV Model B (higher efficiency modules) with PV
Model A under Scenario 1, when no PV grant aid was in place an 11kWp PV system
became optimal at an ɑ of 0.7 (Table 5.8) instead of 0.6 (Table 5.3). Furthermore, the
ATNP, RC and electricity exported to the grid annually increased by 0.4%, 26% and
333% respectively when using PV Model B, while the annual electricity related CO2
emissions reduced by 17%. Similar increases in ATNP, RC and electricity exported and
reductions in CO2 emissions were observed when comparing the PV models under a
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grant aid of 40%, with an 11kWp PV system being optimal at an ɑ of 0.7 for both
models (Tables 5.4 and 5.9).
Comparing the use of PV Model B with PV Model A under Scenario 1, when no PV
grant aid was in place and electric water heating was constrained to start at midnight, an
11kWp PV system was optimal at an ɑ of 0.5 using Model B (Table 5.10) instead of an
8kWp PV system when using Model A (Table 5.5). The optimal farm configuration
results were otherwise similar. Furthermore, the ATNP, RC and electricity exported to
the grid annually increased by 0.3%, 36% and 29% respectively when using PV Model
B, while the annual electricity related CO2 emissions reduced by 11%.
Comparing the use of PV Model B with PV Model A under Scenario 2, when no PV
grant aid was in place an 11kWp PV system became optimal at an ɑ of 0.3 for both
models (Tables 5.6 and 5.11). The ATNP, RC and electricity exported to the grid
annually increased by 0.1%, 75% and 32% respectively when using PV Model B, while
the annual electricity related CO2 emissions reduced by 27%. Similar increases in
ATNP, RC and electricity exported and reductions in CO2 emissions were observed
when comparing the PV models under a grant aid of 40%, with an 11kWp PV system
being optimal at an ɑ of 0.4 (Table 5.12) instead of 0.3 (Table 5.7) when using the
higher efficiency modules of PV Model B.
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Table 5.3: Multi-objective optimisation results for Scenario 1* using PV Model A^ with no PV grant aid. The optimal combination of decision variables for each of the 11 α values
are listed, along with their corresponding average annual after tax net profit (ATNP) (€) and renewable contribution to annua l farm gross electricity consumption (RC) values over
the ten year time horizon. The total electricity exported annually by the PV system (kWh) and the exported electricity as a percentage of annual gross PV production are al so listed,
as well as the farm’s total annual electricity related CO2 emissions (kg).
100%
renewable
optimisation

α
Morning milking start time
Evening milking start time
Milk cooling system
Ice bank start time
Precooling
Water heating systemϕ
Water heating timer
Timer start time
VSDs
PV
Annual ATNP (€)
Renewable contribution (%)ψ
Annual electricity exported (kWh)
(% of PV production)
Annual CO2 Emissions (kg)

0
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
YES
11kWp
59,320
34
227
(2.3)
8,465

100%
economic
optimisation

0.1
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
YES
11kWp
59,320
34
227
(2.3)
8,465

0.2
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
YES
11kWp
59,320
34
227
(2.3)
8,465

0.3
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
YES
11kWp
59,320
34
227
(2.3)
8,465

0.4
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
YES
11kWp
59,320
34
227
(2.3)
8,465

0.5
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
YES
11kWp
59,320
34
227
(2.3)
8,465

0.6
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0)
14,217

0.7
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0)
14,217

0.8
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0)
14,217

0.9
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0)
14,217

1
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0)
14,217

*Scenario 1 = Multi-objective optimisation of annual farm ATNP and annual farm renewable contribution; Scenario 2 = Multi-objective optimisation of annual farm ATNP and annual farm electricity related CO2
emissions. Under both scenarios the farm had a yearly milk output of 774,089L and herd size of 195 cows.
ψ

Renewable contribution = the amount of the farm’s annual gross electricity consumption which was provided by a PV system; Annual electricity exported (% of PV production) = annual electricity exported by the
PV system as a percentage of gross PV production.
ϕ
ELEC = Electric water heating system.
^ PV Model A used PV modules with 17.2% efficiency; PV Model B used PV modules with 19.6% efficiency.
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Table 5.4: Multi-objective optimisation results for Scenario 1* using PV Model A^ with PV grant aid of 40%. The optimal combination of decision variables for each of the 11 α
values are listed, along with their corresponding average annual after tax net profit (ATNP) (€) and renewable contribution t o annual farm gross electricity consumption (RC) values
over the ten year time horizon. The total electricity exported annually by the PV system (kWh) and the exported electricity a s a percentage of annual gross PV production are also
listed, as well as the farm’s total annual electricity related CO2 emissions (kg).
100%
100%
renewable
economic
optimisation
optimisation

α
Morning milking start time
Evening milking start time
Milk cooling system
Ice bank start time
Precooling
Water heating systemϕ
Water heating timer
Timer start time
VSDs
PV
Annual ATNP (€)
Renewable contribution (%)ψ
Annual electricity exported (kWh)
(% of PV production)
Annual CO2 Emissions (kg)

0
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
YES
11kWp
60,287
34
227
(2.3)
8,465

0.1
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
YES
11kWp
60,287
34
227
(2.3)
8,465

0.2
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
YES
11kWp
60,287
34
227
(2.3)
8,465

0.3
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
YES
11kWp
60,287
34
227
(2.3)
8,465

0.4
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
YES
11kWp
60,287
34
227
(2.3)
8,465

0.5
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
NO
11kWp
60,603
31
212
(2.2)
9,757

0.6
07:00
18:00
DX
N/A
YES
ELEC
YES
10:00
NO
11kWp
60,603
31
212
(2.2)
9,757

0.7
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0)
14,217

0.8
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0)
14,217

0.9
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0)
14,217

1
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0)
14,217

*Scenario 1 = Multi-objective optimisation of annual farm ATNP and annual farm renewable contribution; Scenario 2 = Multi-objective optimisation of annual farm ATNP and annual farm electricity related CO2
emissions. Under both scenarios the farm had a yearly milk output of 774,089L and herd size of 195 cows.
ψ
Renewable contribution = the amount of the farm’s annual gross electricity consumption which was provided by a PV system; Annual electricity exported (% of PV production) = annual electricity exported by the PV
system as a percentage of gross PV production.
ϕ
ELEC = Electric water heating system.
^ PV Model A used PV modules with 17.2% efficiency; PV Model B used PV modules with 19.6% efficiency.
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Table 5.5: Multi-objective optimisation results for Scenario 1* using PV Model A^ with no PV grant aid using electric water heating constrained to start at midnight. The optimal
combination of decision variables for each of the 11 α values are listed, along with their corresponding average annual after tax net profit (ATNP) (€) and renewable contribution to
annual farm gross electricity consumption (RC) values over the ten year time horizon. The total electricity exported annually by the PV system (kWh) and the exported electricity as
a percentage of annual gross PV production are also listed, as well as the farm’s total annual electricity related CO2 emissions (kg).
100%
renewable
optimisation

α
Morning milking start time
Evening milking start time
Milk cooling system
Ice bank start time
Precooling
Water heating systemϕ
Water heating timer
Timer start time
VSDs
PV
Annual ATNP (€)
Renewable contribution (%)ψ
Annual electricity exported (kWh)
(% of PV production)
Annual CO2 Emissions (kg)

100%
economic
optimisation

0
0.1
0.2
0.3
0.4
08:00
08:00
08:00
08:00
08:00
17:00
17:00
17:00
17:00
17:00
DX
DX
DX
DX
DX
N/A
N/A
N/A
N/A
N/A
NO
NO
NO
NO
NO
ELEC
ELEC
ELEC
ELEC
ELEC
YES
YES
YES
YES
YES
0:00
0:00
0:00
0:00
0:00
YES
YES
YES
YES
NO
11 kWp 11 kWp 11 kWp 11 kWp 11 kWp
58,912 58,912 58,912 58,912 59,200
14
14
14
14
13
4,210
4,210
4,210
4,210
4,195
(43.5)
(43.5)
(43.5)
(43.5)
(43.4)
13,552 13,552 13,552 13,552 14,868

0.5
08:00
17:00
DX
N/A
YES
ELEC
YES
0:00
NO
8 kWp
60,067
6
5,063
(72.0)
11,187

0.6
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0.0)
14,217

0.7
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0.0)
14,217

0.8
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0.0)
14,217

0.9
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0.0)
14,217

1
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
0
0
(0.0)
14,217

*Scenario 1 = Multi-objective optimisation of annual farm ATNP and annual farm renewable contribution; Scenario 2 = Multi-objective optimisation of annual farm ATNP and annual farm electricity related CO2
emissions. Under both scenarios the farm had a yearly milk output of 774,089L and herd size of 195 cows.
ψ
Renewable contribution = the amount of the farm’s annual gross electricity consumption which was provided by a PV system; Annual electricity exported (% of PV production) = annual electricity exported by the PV
system as a percentage of gross PV production.
ϕ
ELEC = Electric water heating system.
^ PV Model A used PV modules with 17.2% efficiency; PV Model B used PV modules with 19.6% efficiency.
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Table 5.6: Multi-objective optimisation results for Scenario 2* using PV Model A^ with no PV grant aid. The optimal combination of decision variables for each of the 11 α values
are listed, along with their corresponding average annual after tax net profit (ATNP) (€) and the farm’s total annual electricity related CO2 emissions (kg) over the ten year time
horizon. The renewable contribution to annual farm gross electricity consumption (RC), total electricity exported annually by the PV system (kWh) and the exported electricity as a
percentage of annual gross PV production are also listed.
100%
economic
100% CO2
optimisation
optimisation

α
Morning milking start time
Evening milking start time
Milk cooling system
Ice bank start time
Precooling
Water heating systemϕ
Water heating timer
Timer start time
VSDs
PV
Annual ATNP (€)
Annual CO2 Emissions (kg)
Renewable contribution (%)ψ
Annual electricity exported (kWh)
(% of PV production)

0
0.1
0.2
0.3
07:00
07:00
07:00
07:00
18:00
18:00
18:00
18:00
DX
DX
DX
DX
N/A
N/A
N/A
N/A
YES
YES
YES
YES
GAS
GAS
GAS
GAS
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
YES
YES
YES
YES
11 kWp 11 kWp 11 kWp 11 kWp
59,075 59,075 59,075 59,075
5,434
5,434
5,434
5,434
4
4
4
4
8,328
8,328
8,328
8,328
(86.1)
(86.1)
(86.1)
(86.1)

0.4
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
YES
NONE
61,405
9,731
0
0
(0.0)

0.5
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
YES
NONE
61,405
9,731
0
0
(0.0)

0.6
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
NO
NONE
61,720
11,055
0
0
(0.0)

0.7
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
NO
NONE
61,720
11,055
0
0
(0.0)

0.8
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
NO
NONE
61,720
11,055
0
0
(0.0)

0.9
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
14,217
0
0
(0.0)

1
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
14,217
0
0
(0.0)

*Scenario 1 = Multi-objective optimisation of annual farm ATNP and annual farm renewable contribution; Scenario 2 = Multi-objective optimisation of annual farm ATNP and annual farm electricity related CO2
emissions. Under both scenarios the farm had a yearly milk output of 774,089L and herd size of 195 cows.
ψ
Renewable contribution = the amount of the farm’s annual gross electricity consumption which was provided by a PV system; Annual electricity exported (% of PV production) = annual electricity exported by the PV
system as a percentage of gross PV production.
ϕ
ELEC = Electric water heating system.
^ PV Model A used PV modules with 17.2% efficiency; PV Model B used PV modules with 19.6% efficiency.
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Table 5.7: Multi-objective optimisation results for Scenario 2* using PV Model A^ with PV grant aid of 40%. The optimal combination of decision variables for each of the 11 α
values are listed, along with their corresponding average annual after tax net profit (ATNP) (€) and the farm’s total annual electricity related CO2 emissions (kg) over the ten year
time horizon. The renewable contribution to annual farm gross electricity consumption (RC), total electricity exported annual ly by the PV system (kWh) and the exported electricity
as a percentage of annual gross PV production are also listed.
100%
100% CO2
economic
optimisation
optimisation

α
Morning milking start time
Evening milking start time
Milk cooling system
Ice bank start time
Precooling
Water heating systemϕ
Water heating timer
Timer start time
VSDs
PV
Annual ATNP (€)
Annual CO2 Emissions (kg)
Renewable contribution (%)ψ
Annual electricity exported (kWh)
(% of PV production)

0
0.1
0.2
0.3
07:00
07:00
07:00
07:00
18:00
18:00
18:00
18:00
DX
DX
DX
DX
N/A
N/A
N/A
N/A
YES
YES
YES
YES
GAS
GAS
GAS
GAS
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
YES
YES
YES
YES
11 kWp 11 kWp 11 kWp 11 kWp
60,042 60,042 60,042 60,042
5,434
5,434
5,434
5,434
4
4
4
4
8,328
8,328
8,328
8,328
(86.1)
(86.1)
(86.1)
(86.1)

0.4
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
YES
NONE
61,405
9,731
0
0
(0.0)

0.5
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
YES
NONE
61,405
9,731
0
0
(0.0)

0.6
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
NO
NONE
61,720
11,055
0
0
(0.0)

0.7
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
NO
NONE
61,720
11,055
0
0
(0.0)

0.8
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
NO
NONE
61,720
11,055
0
0
(0.0)

0.9
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
14,217
0
0
(0.0)

1
07:00
18:00
DX
N/A
YES
ELEC
YES
0:00
NO
NONE
61,876
14,217
0
0
(0.0)

*Scenario 1 = Multi-objective optimisation of annual farm ATNP and annual farm renewable contribution; Scenario 2 = Multi-objective optimisation of annual farm ATNP and annual farm electricity related CO2
emissions. Under both scenarios the farm had a yearly milk output of 774,089L and herd size of 195 cows.
ψ
Renewable contribution = the amount of the farm’s annual gross electricity consumption which was provided by a PV system; Annual electricity exported (% of PV production) = annual electricity exported by the PV
system as a percentage of gross PV production.
ϕ
ELEC = Electric water heating system.
^ PV Model A used PV modules with 17.2% efficiency; PV Model B used PV modules with 19.6% efficiency.
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Table 5.8: Multi-objective optimisation results for Scenario 1* using PV Model B^ with no PV grant aid. The optimal combination of decision variables for each of the 11 α values
are listed, along with their corresponding average annual after tax net profit (ATNP) (€) and renewable contribution to annua l farm gross electricity consumption (RC) values over
the ten year time horizon. The total electricity exported annually by the PV system (kWh) and the exported electricity as a p ercentage of annual gross PV production are also listed,
as well as the farm’s total annual electricity related CO 2 emissions (kg).
100%
renewable
optimisation

α
Morning milking start time
Evening milking start time
Milk cooling system
Ice bank start time
Precooling
Water heating systemϕ
Water heating timer
Timer start time
VSDs
PV
Annual ATNP (€)
Renewable contribution (%)ψ
Annual electricity exported (kWh)
(% of PV production)
Annual CO2 Emissions (kg)

100%
economic
optimisation

0
0.1
0.2
0.3
0.4
0.5
0.6
07:00
07:00
07:00
07:00
07:00
07:00
07:00
18:00
18:00
18:00
18:00
18:00
18:00
18:00
DX
DX
DX
DX
DX
DX
DX
N/A
N/A
N/A
N/A
N/A
N/A
N/A
YES
YES
YES
YES
YES
YES
YES
ELEC
ELEC
ELEC
ELEC
ELEC
ELEC
ELEC
YES
YES
YES
YES
YES
YES
YES
10:00
10:00
10:00
10:00
10:00
10:00
10:00
YES
YES
YES
YES
YES
NO
NO
11 kWp 11 kWp 11 kWp 11 kWp 11 kWp 11 kWp 11 kWp
59,535 59,535 59,535 59,535 59,535 59,859 59,859
43
43
43
43
43
39
39
982
982
982
982
982
879
879
(7.5)
(7.5)
(7.5)
(7.5)
(7.5)
(6.7)
(6.7)
6,998
6,998
6,998
6,998
6,998
8,322
8,322

0.7
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

0.8
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

0.9
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

1
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

*Scenario 1 = Multi-objective optimisation of annual farm ATNP and annual farm renewable contribution; Scenario 2 = Multi-objective optimisation of annual farm ATNP and annual farm electricity related CO2
emissions. Under both scenarios the farm had a yearly milk output of 774,089L and herd size of 195 cows.
ψ
Renewable contribution = the amount of the farm’s annual gross electricity consumption which was provided by a PV system; Annual electricity exported (% of PV production) = annual electricity exported by the PV
system as a percentage of gross PV production.
ϕ
ELEC = Electric water heating system.
^ PV Model A used PV modules with 17.2% efficiency; PV Model B used PV modules with 19.6% efficiency.
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Table 5.9: Multi-objective optimisation results for Scenario 1* using PV Model B^ with PV grant aid of 40%. The optimal combination of decision variables for each of the 11 α
values are listed, along with their corresponding average annual after tax net profit (ATNP) (€) and renewable contribution t o annual farm gross electricity consumption (RC) values
over the ten year time horizon. The total electricity exported annually by the PV system (kWh) and the exported electricity a s a percentage of annual gross PV production are also
listed, as well as the farm’s total annual electricity related CO 2 emissions (kg).
100%
100%
renewable
economic
optimisation
optimisation

α
Morning milking start time
Evening milking start time
Milk cooling system
Ice bank start time
Precooling
Water heating systemϕ
Water heating timer
Timer start time
VSDs
PV
Annual ATNP (€)
Renewable contribution (%)ψ
Annual electricity exported (kWh)
(% of PV production)
Annual CO2 Emissions (kg)

0
0.1
0.2
0.3
0.4
0.5
0.6
07:00
07:00
07:00
07:00
07:00
07:00
07:00
18:00
18:00
18:00
18:00
18:00
18:00
18:00
DX
DX
DX
DX
DX
DX
DX
N/A
N/A
N/A
N/A
N/A
N/A
N/A
YES
YES
YES
YES
YES
YES
YES
ELEC
ELEC
ELEC
ELEC
ELEC
ELEC
ELEC
YES
YES
YES
YES
YES
YES
YES
10:00
10:00
10:00
10:00
10:00
10:00
10:00
YES
YES
YES
YES
YES
NO
NO
11 kWp 11 kWp 11 kWp 11 kWp 11 kWp 11 kWp 11 kWp
60,503 60,503 60,503 60,503 60,503 60,826 60,826
43
43
43
43
43
39
39
982
982
982
982
982
879
879
(7.5)
(7.5)
(7.5)
(7.5)
(7.5)
(6.7)
(6.7)
6,998
6,998
6,998
6,998
6,998
8,322
8,322

0.7
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

0.8
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

0.9
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

1
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

*Scenario 1 = Multi-objective optimisation of annual farm ATNP and annual farm renewable contribution; Scenario 2 = Multi-objective optimisation of annual farm ATNP and annual farm electricity related CO2
emissions. Under both scenarios the farm had a yearly milk output of 774,089L and herd size of 195 cows.
ψ
Renewable contribution = the amount of the farm’s annual gross electricity consumption which was provided by a PV system; Annual electricity exported (% of PV production) = annual electricity exported by the PV
system as a percentage of gross PV production.
ϕ
ELEC = Electric water heating system.
^ PV Model A used PV modules with 17.2% efficiency; PV Model B used PV modules with 19.6% efficiency.
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Table 5.10: Multi-objective optimisation results for Scenario 1* using PV Model B^ with no PV grant aid using electric water heating constrained to start at midnight. The optimal
combination of decision variables for each of the 11 α values are listed, along with their corresponding average annual after tax net profit (ATNP) (€) and renewable contribution to
annual farm gross electricity consumption (RC) values over the ten year time horizon. The total electricity exported annually by the PV system (kWh) and the exported electricity as
a percentage of annual gross PV production are also listed, as well as the farm’s total annual electricity related CO 2 emissions (kg).
100%
renewable
optimisation

α
Morning milking start time
Evening milking start time
Milk cooling system
Ice bank start time
Precooling
Water heating systemϕ
Water heating timer
Timer start time
VSDs
PV
Annual ATNP (€)
Renewable contribution (%)ψ
Annual electricity exported (kWh)
(% of PV production)
Annual CO2 Emissions (kg)

100%
economic
optimisation

0
0.1
0.2
0.3
0.4
0.5
08:00
08:00
08:00
08:00
08:00
08:00
17:00
17:00
17:00
17:00
17:00
17:00
DX
DX
DX
DX
DX
DX
N/A
N/A
N/A
N/A
N/A
N/A
NO
NO
NO
NO
NO
NO
ELEC
ELEC
ELEC
ELEC
ELEC
ELEC
YES
YES
YES
YES
YES
YES
00:00
00:00
00:00
00:00
00:00
00:00
YES
YES
YES
YES
YES
NO
11 kWp 11 kWp 11 kWp 11 kWp 11 kWp 11 kWp
59,104 59,104 59,104 59,104 59,104 59,390
19
19
19
19
19
18
5,420
5,420
5,420
5,420
5,420
5,402
(41.6)
(41.6)
(41.6)
(41.6)
(41.6)
(41.4)
12,062 12,062 12,062 12,062 12,062 13,378

0.6
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

0.7
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

0.8
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

0.9
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

1
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
0
0
(0.0)
14,217

*Scenario 1 = Multi-objective optimisation of annual farm ATNP and annual farm renewable contribution; Scenario 2 = Multi-objective optimisation of annual farm ATNP and annual farm electricity related CO2
emissions. Under both scenarios the farm had a yearly milk output of 774,089L and herd size of 195 cows.
ψ
Renewable contribution = the amount of the farm’s annual gross electricity consumption which was provided by a PV system; Annual electricity exported (% of PV production) = annual electricity exported by the PV
system as a percentage of gross PV production.
ϕ
ELEC = Electric water heating system.
^ PV Model A used PV modules with 17.2% efficiency; PV Model B used PV modules with 19.6% efficiency.
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Table 5.11: Multi-objective optimisation results for Scenario 2* using PV Model B^ with no PV grant aid. The optimal combination of decision variables for each of the 11 α values
are listed, along with their corresponding average annual after tax net profit (ATNP) (€) and th e farm’s total annual electricity related CO 2 emissions (kg) over the ten year time
horizon. The renewable contribution to annual farm gross electricity consumption (RC), total electricity exported annually by the PV system (kWh) and the exported electricity as a
percentage of annual gross PV production are also listed.
100%
economic
100% CO2
optimisation
optimisation

α
Morning milking start time
Evening milking start time
Milk cooling system
Ice bank start time
Precooling
Water heating systemϕ
Water heating timer
Timer start time
VSDs
PV
Annual ATNP (€)
Annual CO2 Emissions (kg)
Renewable contribution (%)ψ
Annual electricity exported (kWh)
(% of PV production)

0
0.1
0.2
0.3
07:00
07:00
07:00
07:00
18:00
18:00
18:00
17:00
DX
DX
DX
DX
N/A
N/A
N/A
N/A
YES
YES
YES
YES
GAS
GAS
GAS
GAS
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
YES
YES
YES
YES
11 kWp 11 kWp 11 kWp 11 kWp
59,137 59,137 59,137 59,174
3,944
3,944
3,944
4,008
7
7
7
8
11,009 11,009 11,009 10,478
(84.4)
(84.4)
(84.4)
(80.3)

0.4
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
YES
NONE
61,405
9,731
0
0
(0.0)

0.5
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
YES
NONE
61,405
9,731
0
0
(0.0)

0.6
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
NO
NONE
61,720
11,055
0
0
(0.0)

0.7
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
NO
NONE
61,720
11,055
0
0
(0.0)

0.8
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
NO
NONE
61,720
11,055
0
0
(0.0)

0.9
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
14,217
0
0
(0.0)

1
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
14,217
0
0
(0.0)

*Scenario 1 = Multi-objective optimisation of annual farm ATNP and annual farm renewable contribution; Scenario 2 = Multi-objective optimisation of annual farm ATNP and annual farm electricity related CO2
emissions. Under both scenarios the farm had a yearly milk output of 774,089L and herd size of 195 cows.
ψ
Renewable contribution = the amount of the farm’s annual gross electricity consumption which was provided by a PV system; Annual electricity exported (% of PV production) = annual electricity exported by the PV
system as a percentage of gross PV production.
ϕ
ELEC = Electric water heating system.
^ PV Model A used PV modules with 17.2% efficiency; PV Model B used PV modules with 19.6% efficiency.
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Table 5.12: Multi-objective optimisation results for Scenario 2* using PV Model B^ with PV grant aid of 40%. The optimal combination of decision variables for each of the 11 α
values are listed, along with their corresponding average annual after tax net profit (ATNP) (€) and the farm’s total annual electricity related CO 2 emissions (kg) over the ten year
time horizon. The renewable contribution to annual farm gross electricity consumption (RC), total electricity exported annual ly by the PV system (kWh) and the exported electricity
as a percentage of annual gross PV production are also listed.
100%
100% CO2
economic
optimisation
optimisation

α
Morning milking start time
Evening milking start time
Milk cooling system
Ice bank start time
Precooling
Water heating systemϕ
Water heating timer
Timer start time
VSDs
PV
Annual ATNP (€)
Annual CO2 Emissions (kg)
Renewable contribution (%)ψ
Annual electricity exported (kWh)
(% of PV production)

0
0.1
0.2
0.3
0.4
07:00
07:00
07:00
07:00
07:00
18:00
18:00
18:00
17:00
17:00
DX
DX
DX
DX
DX
N/A
N/A
N/A
N/A
N/A
YES
YES
YES
YES
YES
GAS
GAS
GAS
GAS
GAS
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
YES
YES
YES
YES
YES
11 kWp 11 kWp 11 kWp 11 kWp 11 kWp
60,105 60,105 60,105 60,141 60,141
3,944
3,944
3,944
4,008
4,008
7
7
7
8
8
11,009 11,009 11,009 10,478 10,478
(84.4)
(84.4)
(84.4)
(80.3)
(80.3)

0.5
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
YES
NONE
61,405
9,731
0
0
(0.0)

0.6
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
NO
NONE
61,720
11,055
0
0
(0.0)

0.7
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
NO
NONE
61,720
11,055
0
0
(0.0)

0.8
07:00
18:00
DX
N/A
YES
GAS
N/A
N/A
NO
NONE
61,720
11,055
0
0
(0.0)

0.9
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
14,217
0
0
(0.0)

1
07:00
18:00
DX
N/A
YES
ELEC
YES
00:00
NO
NONE
61,876
14,217
0
0
(0.0)

*Scenario 1 = Multi-objective optimisation of annual farm ATNP and annual farm renewable contribution; Scenario 2 = Multi-objective optimisation of annual farm ATNP and annual farm electricity related CO2
emissions. Under both scenarios the farm had a yearly milk output of 774,089L and herd size of 195 cows.
ψ
Renewable contribution = the amount of the farm’s annual gross electricity consumption which was provided by a PV system; Annual electricity exported (% of PV production) = annual electricity exported by the PV
system as a percentage of gross PV production.
ϕ
ELEC = Electric water heating system.
^ PV Model A used PV modules with 17.2% efficiency; PV Model B used PV modules with 19.6% efficiency.
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5.4 Discussion
5.4.1 PV Model A
When using PV Model A, with a PV module efficiency (17.2%) which is similar to
the average efficiency of commercially available panels in 2019 (ISE, 2019), the
results for Scenario 1, whereby multi-objective optimisation of farm ATNP and farm
renewable contribution was carried out, are shown in Table 5.3. For an α of 1, the
optimal farm configuration was similar to that found for economic optimisation in
Chapter 3. This was despite the potential inclusion of a PV system in the
optimisation space. A PV system was not included in the optimal dairy farm
configuration until an α of 0.5 was used (i.e. the relative importance of farm ATNP
and renewable contribution was equal). The use of a PV system became optimal at
this point, with a renewable contribution of 34% and a reduction in annual electricity
related CO2 emissions of 5,776 kg compared to the scenario where α=1. As α values
decreased incrementally from a value of 1, it could be seen that there were no
changes to the optimal farm configuration before an α of 0.5 was used. At this point
load shifting of water heating at 10:00 was implemented, in order to utilise the PV
system output during daytime hours. Since the renewable contribution of the farm
was one of the optimisation objectives and load shifting of water heating was
possible, the largest possible PV size was selected as optimal in order to consume as
much of the water heating load as possible.
A sensitivity analysis was performed to assess how grant aiding of PV systems
would affect the multi-objective optimisation results. A grant aid of 40% on the
capital costs of PV systems was introduced, similar to the PV grant amount on pig
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and poultry farms in Ireland (DAFM, 2018). These results can be seen in Table 5.4.
However this sensitivity analysis yielded similar results to those displayed in Table
5.3, with PV systems being introduced at an α value of 0.6 instead of 0.5. Again the
largest possible PV size was selected due to the possibility of load shifting.
A further sensitivity analysis was carried out whereby the possibility of load shifting
for water heating was removed i.e. the water heating was constrained to an electric
system which began heating up at midnight (Table 5.5). The results for this scenario
showed that when a PV system was introduced at least 43.4% of its output was
exported to the grid. When compared to the scenarios which enabled load shifting
(Tables 5.3 and 5.4) in which only 2.3% of PV output was exported, it is clear that
the use of load shifting is important for PV implementation from an economic
perspective, since the farm needs to consume as much of the PV output as possible
when no feed-in tariff is available. This point was also illustrated in the study by
Simola et al. (2018), in which the absence of a feed-in tariff necessitated high onfarm consumption when the size of PV system was being optimised. Bey et al.
(2016) also used load shifting to ensure on-farm consumption was maximised.
The results for Scenario 2, whereby multi-objective optimisation of farm annual
ATNP and farm annual electricity related CO2 emissions was carried out, are shown
in Table 5.6. For an α of 1 the optimal farm configuration was the same as that in
Table 5.3. When an α of 0.8 was used a gas water heating system was included in the
optimal dairy farm configuration. The reason for this was the use of electricity
related CO2 emissions as an objective instead of renewable contribution in the multiobjective optimisation for Scenario 2. PV systems were optimal when α ≤ 0.3,
158

Using photovoltaic systems for renewable and economic multi-objective
optimisation of dairy farms

however they were used with gas water heating rather than with electric water
heating and associated load shifting. Since load shifting to match PV output was not
possible due to the selection of gas water heating, this resulted in large amounts of
PV electricity being exported to the grid (86.1% of annual production). These
configurations were optimal due to the fact that exported electricity reduced farm
electricity related CO2 emissions as described in Section 5.2.3.5 and by Nacer et al.
(2014). Hence a large PV system was selected to export as much electricity as
possible when the relative importance of minimising electricity related CO2
emissions was high.
A sensitivity analysis with a PV grant aid of 40% was also carried out for Scenario 2.
These results can be seen in Table 5.7. This sensitivity analysis yielded similar
results to those displayed in Table 5.6 where no grant aid was in place.
Under Scenarios 1 and 2, for PV systems to be included in the optimal farm
configuration at a higher α value i.e. high relative importance of farm ATNP, their
capital costs need to reduce. The fact that PV systems did not become optimal until
an α value of 0.5 in Scenario 1 and 0.3 in Scenario 2 indicates that their payback
periods are relatively long. Furthermore, the addition of a 40% grant aid made little
difference to the economic performance of PV for both scenarios. Comparing results
to those of other studies is difficult due to the lack of literature relating to the
economic performance of PV systems on dairy farms. However, the economic
infeasibility of PV systems found in this chapter agrees with previous results
reported by Nacer et al. (2016b). On the other hand Lukuyu et al. (2019)
demonstrated that PV systems are profitable for farms with high milk cooling
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requirements. However the study carried out by Lukuyu et al. assumed the use of
lead acid batteries with PV systems. Aicha et al. (2014) also used batteries
successfully for PV systems on dairy farms, but did not consider load shifting.
Batteries were not considered in this chapter as the possibility of load shifting led to
high consumption of PV system output as explained earlier. It has also been shown
in previous work that having feed-in tariffs for exported electricity can lead to
improved economic performance for PV systems on dairy farms (Nacer et al., 2016a;
Nadjemi et al., 2017). However as there is currently no feed-in tariff structure in
place in Ireland such an analysis was not considered in this chapter.
Results in Tables 5.3-5.7 show that when the value of α was reduced to 0, the
renewable contribution to farm electricity consumption reached values as high as 34
%. The renewable criterion in this analysis is useful as it can provide the dairy farm
configuration required for the farm to meet the minimum EU renewable energy
target of 32%.
5.4.2 PV Model B
As mentioned in 5.3.2.2, when using PV Model B (module efficiency 19.6%) there
was little change in the optimal farm configurations under all scenarios (Tables 5.8 –
5.12) from those found using PV Model A (Tables 5.3 – 5.7). However, it is clear
from the results in Section 5.3.2.2 that the extra PV efficiency contributed to the
reduction of electricity related CO2 emissions for the farm as well as increasing the
amount of electricity exported to the grid and the farm’s renewable contribution.
However these changes did not have a significant effect on the farm’s ATNP, since
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no FIT was used in the analysis. Hence the ɑ value at which PV systems were
optimal did not vary greatly with an increase in PV efficiency.
It has been established in this chapter and the previous chapter how renewable
electrical and renewable thermal technology affect the optimal dairy farm
configuration and optimal economic, environmental and renewable trade-offs.
However, as mentioned in Section 1.1, it is essential to consider the practicality of
these potential changes from a farmer’s point of view. Hence this practicality was
taken into account in the next chapter by finding optimal trade-offs between
practicality of milking times and economic/environmental criteria.

161

The effect of a milking time function on dairy farm electricity costs and related
environmental emissions

Chapter 6 The effect of a milking time function on dairy farm
electricity costs and related environmental emissions
6.1. Introduction
As described in Chapter 1, modifying farmer behaviour by changing morning and
evening milking start times could potentially reduce both electricity costs and related
CO2 emissions, however these reductions would involve altering deeply engrained
farmer working routines. Hence, it is necessary to quantify any potential savings in
electricity costs and electricity related CO2 emissions associated with adjustments in
milking start times, while also optimising milking start times and farm technology
configuration to minimise farm electricity related CO2 emissions and maximise farm
profitability.
As discussed in Section 2.2.3, a previous study by Upton et al. (2015b) demonstrated
that adjusting morning and evening milking start times could potentially reduce total
annual farm electricity costs by between 5% and 39%. Furthermore, in Chapter 3 it
was shown that when optimising dairy farm equipment, management practices and
electricity tariffs to maximise return on investment in dairy farm infrastructure, the
optimal morning and evening milking start times were 5:00 and 20:00 respectively.
However the use of these milking start times for farmers was not considered in
Chapter 3 as the optimisation was purely economic. It should however be taken into
account as these milking start times may necessitate significant changes to farmers’
routines. A previous study by Remond et al. (2009) defined the normal milking
interval ranges to be between 10:14 (i.e. 10 hours from morning to evening milking
and 14 hours from evening to morning milking) and 12:12 for twice daily milking.
162

The effect of a milking time function on dairy farm electricity costs and related
environmental emissions

Other studies involving twice daily milking (Ambord and Bruckmaier, 2010; Amos
et al., 1985; Beerda et al., 2007; Herve et al., 2017; Pahl et al., 2015; Vanbergue et
al., 2018) also reported similar normal milking intervals. However, the
aforementioned optimal times found in Chapter 3 (05:00 and 20:00) fall outside this
range, which may indicate that they are seldom used by farmers. This chapter used
measured on-farm data from 46 farms to gather information relating to morning and
evening milking start times. This information was then employed to create a
“milking time function” (MTF) to allow different combinations of morning and
evening milking start times to be assessed under the criterion of how commonly they
are used by farmers. The aim of this chapter was to combine the MTF with the multiobjective optimisation methods described in Chapters 4 and 5 in order to evaluate
trade-offs between milking start times and farm profitability, as well as trade-offs
between milking start times and farm electricity related CO2 emissions.

6.2 Materials and Methods
6.2.1 Overview of methodology
Sections 6.2.2 and 6.2.3 describe the methods by which multi-objective optimisation
of milking start times, ATNP and electricity related CO2 emissions was carried out,
see Figure 6.1. The multi-objective optimisation carried out in this chapter found the
optimal milking start times and farm technology combination to maximise a MTF
(Section 6.2.3.2) while also either maximising farm ATNP (Section 6.2.3.3) or
minimising farm electricity related CO2 emissions (Section 6.2.3.4), based on a
combined objective function employing a trade-off parameter (α).
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Figure 6.1: Overview of methodology deployed. Multi-objective optimisation is utilised to find the
optimal farm configuration to maximise MTF and maximise farm ATNP/minimise farm electricity related
CO2 emissions based on trade-off parameter α.

6.2.2 Creation of MTF
6.2.2.1 Data collection for milking start time distributions
In order to create the MTF used in this work, the distribution of morning and evening
milking start times for a selection of dairy farms was calculated. These distributions
provided information regarding the most common and least common milking start
times used by dairy farmers. Data were collected from 46 dairy farms between April
and October 2016 inclusive. Run-time meters were fitted to the vacuum pumps in the
milking parlour and data relating to electricity consumption of the vacuum pumps
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were recorded every 15 minutes. Hence, the milking start times could be inferred
from this data, however the data did not encompass other tasks associated with
milking that occur when the milking machines are turned off. Milking machine
electricity consumption resulting from the washing of the milking machine was not
included. All farms contributed at least 70 readings relating to milking start times to
the dataset. Some farms contributed more data points than others and hence the
average morning and evening milking start times between April and October 2016
were calculated for each farm.
6.2.2.2 MTF development
In order to quantify how often certain morning and evening milking start times were
used by farmers, a MTF was developed based on the milking start time data
described in Section 6.2.2.1. Since this study considered twice daily milking, two
separate functions for morning milking and evening milking were used, known as
the morning milking time function (MMTF) and evening milking time function
(EMTF). These were then combined to create the MTF for specific pairs of morning
and evening milking start times. The MMTF and EMTF are described in Sections
6.2.2.3 and 6.2.2.4.
6.2.2.3 Morning milking time function (MMTF)
Using the data described in Section 6.2.2.1, a histogram was created to illustrate the
hourly distribution of morning milking start times for the 46 farms (Figure 6.2). The
MMTF was then fitted to these data using the curve fitting toolbox in MATLAB
2014a (Mathworks, 2019). A two-term Fourier model fitted using nonlinear least
squares was found to be the most suitable for the data, with the highest R2 value in
165

The effect of a milking time function on dairy farm electricity costs and related
environmental emissions

comparison to Exponential, Polynomial, Rational, Gaussian, Linear, Sum of sine and
Weibull functions. The equation for the MMTF was as follows:
𝑀𝑀𝑇𝐹(𝑀𝑇𝑚 ) = 𝑎0 + 𝑎1 cos(𝑤𝑀𝑇𝑚 ) + 𝑏1 sin(𝑤𝑀𝑇𝑚 ) + 𝑎2 cos(2𝑤𝑀𝑇𝑚 )
(6.1)
+ 𝑏2 sin(2𝑤𝑀𝑇𝑚 )
Where 𝑀𝑀𝑇𝐹(𝑀𝑇𝑚 ) = Morning milking time function for a particular morning
milking start time 𝑀𝑇𝑚 , 𝑎0 = 12.33, 𝑎1 = 10.22, 𝑤 = 1.68, 𝑏1 = -2.93, 𝑎2 = -2.14 and
𝑏2 = -2.34.
The MMTF is shown in Figure 6.2 along with the aforementioned milking start time
distribution histogram.

Figure 6.2: Distribution of morning milking start times for the 46 farms used in this study. The morning
milking time function (MMTF) is also shown.
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6.2.2.4 Evening milking time function (EMTF)
Using the data described in Section 6.2.2.1, a histogram was created to illustrate the
hourly distribution of evening milking start times for the 46 farms (Figure 6.3). The
EMTF was then fitted to these data using the curve fitting toolbox in MATLAB
2014a. A two-term Fourier model fitted using nonlinear least squares was found to
be the most suitable for the data, for similar reasons to those outlined in Section
6.2.2.3. The equation for the EMTF was as follows:
𝐸𝑀𝑇𝐹(𝑀𝑇𝑒 ) = 𝑐0 + 𝑐1 cos(𝑤𝑀𝑇𝑒 ) + 𝑑1 sin(𝑤𝑀𝑇𝑒 ) + 𝑐2 cos(2𝑤𝑀𝑇𝑒 )
(6.2)
+ 𝑑2 sin(2𝑤𝑀𝑇𝑒 )
Where 𝐸𝑀𝑇𝐹(𝑀𝑇𝑒 ) = Evening milking time function for a particular evening
milking start time 𝑀𝑇𝑒 , 𝑐0 = -10.23, 𝑐1 = 20.62, 𝑤 = 0.75, 𝑑1 = 27.17, 𝑐2 = 12.06 and
𝑑2 = -8.97.
The EMTF is shown in Figure 6.3 along with the aforementioned milking start time
distribution histogram.
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Figure 6.3: Distribution of evening milking start times for the 46 farms used in this study. The evening
milking time function (EMTF) is also shown.

Using the MMTF and EMTF from Equations 6.1 and 6.2, and normalising both to a
value between 0% and 100%, the MTF for a particular morning and evening milking
start time combination was defined as follows:

𝑀𝑇𝐹(𝑀𝑇𝑚 , 𝑀𝑇𝑒 ) =

𝑀𝑀𝑇𝐹(𝑀𝑇𝑚 ) + 𝐸𝑀𝑇𝐹(𝑀𝑇𝑒 )
2

(6.3)

Where 𝑀𝑇𝐹(𝑀𝑇𝑚 , 𝑀𝑇𝑒 ) = Milking time function for morning milking start time
𝑀𝑇𝑚 and evening milking start time 𝑀𝑇𝑒 , 𝑀𝑀𝑇𝐹(𝑀𝑇𝑚 ) = Morning milking time
function for morning milking start time 𝑀𝑇𝑚 , 𝐸𝑀𝑇𝐹(𝑀𝑇𝑒 ) = Evening milking time
function for evening milking start time 𝑀𝑇𝑒 .
Since MMTF and EMTF were both normalised to a value between 0% and 100%,
the maximum possible value of MTF was 100% and the minimum possible value
was 0%.
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6.2.3 Optimisation
6.2.3.1 Optimisation procedure
The weighted sum method (Chapters 4 and 5) was used to find the optimal milking
start times and technology configuration based on a trade-off parameter. The milking
start time criterion considered was the MTF, the economic criterion was the average
annual farm ATNP over a specified time horizon, and the environmental criterion
was the annual farm electricity related CO2 emissions over a specified time horizon.
6.2.3.2 Milking start time criterion – Milking time function (MTF)
The MTF was defined in Equation 6.3 and used to assess combinations of milking
start times.
6.2.3.3 Economic criterion – After tax net profit (ATNP)
The procedure for finding the ATNP was the same as that described in Section
4.2.3.2.
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6.2.3.4 Environmental criterion – CO2 Emissions (CE)
The farm environmental performance in terms of annual electricity related CO2
emissions was computed based on the method described in Section 4.2.3.3.
6.2.3.5 Decision variables
The decision variables used for multi-objective optimisation included the 12
described in Chapter 3, as well as the single additional variables described in Chapter
4 and 5. However, updates were made to three of the decision variables, namely
morning milking start time (MTm), evening milking start time (MTe) and water
heating energy efficient technology (WHET):


Morning milking start time (MTm) – Four options considered – Hourly
increments from 06:00 to 09:00 inclusive, to reflect the measured distribution
of morning milking start times (Figure 6.2).



Evening milking start time (MTe) – Five options considered – Hourly
increments from 16:00 to 20:00 inclusive, to reflect the measured distribution
of evening milking start times (Figure 6.3).



Water heating energy efficient technology (WHET) – In Chapter 4 it was
shown that HR systems were more beneficial than STWH systems (STWH)
both economically and environmentally. Hence, for this study this decision
variable only included HR as a “Yes” or “No” option. The decision variable
will hence be referred to as “HR” throughout the chapter.
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6.2.3.6 Objective Function
The previously described milking start time, economic and environmental criteria
were used as objective functions for the multi-objective optimisation carried out in
this chapter. These objective functions were as follows:
𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝐴: 𝑀𝑎𝑥𝑖𝑚𝑖𝑠𝑒 𝑀𝑇𝐹(𝑥)

(6.4)

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝐵: 𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝐴𝑇𝑁𝑃(𝑥)

(6.5)

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝐶: 𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐶𝐸(𝑥)

(6.6)

Where 𝑥 = vector of the decision variables, 𝑀𝑇𝐹(𝑥) = milking time function using 𝑥
decision variables, 𝐴𝑇𝑁𝑃(𝑥) = average after tax net profit over the specified time
horizon using 𝑥 decision variables, 𝐶𝐸(𝑥) = annual farm electricity related CO2
emissions over the specified time horizon using 𝑥 decision variables. The method for
obtaining 𝑀𝑇𝐹(𝑥), 𝐴𝑇𝑁𝑃(𝑥) and 𝐶𝐸(𝑥) is described in Sections 6.2.3.2 – 6.2.3.4.
Since multi-objective optimisation was carried out in this chapter both for milking
start times and ATNP as well as milking start times and electricity related CO2
emissions, two separate combined objective functions were used, namely 𝐽(𝑥) and
𝐾 (𝑥).
The combined objective function 𝐽(𝑥) was defined as a trade-off between milking
start times (objective function A) and farm ATNP (objective function B), with both
objective functions normalised within the range [0,1] to facilitate the use of trade-off
parameter α, as follows:

171

The effect of a milking time function on dairy farm electricity costs and related
environmental emissions

𝑀𝑎𝑥𝑖𝑚𝑖𝑠𝑒 𝐽(𝑥) = (∝)(𝑀𝑇𝐹 (𝑥)′) + (1−∝)(𝐴𝑇𝑁𝑃(𝑥)′)

(6.7)

Where 𝑀𝑇𝐹(𝑥)′ = milking time function using 𝑥 decision variables normalised to a
value in the interval [0,1]. All other variables were defined in Equation 4.8.
The combined objective function 𝐾(𝑥) was defined as a trade-off between milking
start times (objective function A) and farm electricity related CO2 emissions
(objective function C), with both objective functions normalised within the range
[0,1] to facilitate the use of trade-off parameter α, as follows:
𝑀𝑎𝑥𝑖𝑚𝑖𝑠𝑒 𝐾(𝑥) = (∝)(𝑀𝑇𝐹 (𝑥)′) + (1−∝)(𝐶𝐸(𝑥)′)

(6.8)

Where all variables have been described previously in Equations 4.8 and 6.7
𝑀𝑇𝐹 (𝑥)′, 𝐴𝑇𝑁𝑃(𝑥)′ and 𝐶𝐸(𝑥)′ were computed using Equations 6.9, 4.9 and 4.10.

𝑀𝑇𝐹(𝑥)′ =

𝑀𝑇𝐹(𝑥) − 𝑀𝑇𝐹𝑚𝑖𝑛
𝑀𝑇𝐹𝑚𝑎𝑥 − 𝑀𝑇𝐹𝑚𝑖𝑛

(6.9)

Where 𝑀𝑇𝐹(𝑥) = Milking time function using 𝑥 decision variables, 𝑀𝑇𝐹𝑚𝑎𝑥 =
Maximum MTF value if MTF is maximised as a single objective problem, 𝑀𝑇𝐹𝑚𝑖𝑛
= Minimum MTF value if MTF is minimised as a single objective problem.
For the analysis presented, decision variables were represented using a vector of
integer values. A Genetic Algorithm (GA) was used to select the decision variables
which maximised J(x) or K(x) for 101 different values of α, ranging from 0 to 1 in
increments of 0.01.
The following constraints were used in the optimisation process:
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𝑇𝑤ℎ ≤ 𝑀𝑇𝑒 + 𝐸𝑀𝐷 − 𝑊𝐻𝐷

(6.10)

Where 𝑇𝑤ℎ = Water heating timer start time, 𝑀𝑇𝑒 = evening milking start time, 𝐸𝑀𝐷
= Maximum daily evening milking duration (hours), 𝑊𝐻𝐷 = Maximum daily water
heating duration (hours).
𝑀𝑇𝑒 − 𝑀𝑇𝑚 ≥ 8

(6.11)

Where 𝑀𝑇𝑚 = morning milking start time, 𝑀𝑇𝑒 = evening milking start time.
6.2.3.7 GA implementation for multi-objective optimisation
The method by which GA was used for multi-objective optimisation in this chapter,
as well as the parameters used in GA implementation, has previously been described
in Section 4.2.3.7.
6.2.3.8 Test case for application of methods
The test case used in this chapter was the same as that used in Chapters 3–5 i.e. a
farm with annual milk yield of 774,089L and a 195 cow herd. The weather data
described in Section 4.2.4.2 was used for simulations. Three scenarios were
investigated, namely Scenarios A, B and C, described below;


Scenario A employed combined objective function 𝐽(𝑥) (Equation 6.7) i.e.
multi-objective optimisation of milking start times and farm ATNP. This
scenario fixed 12 of the 14 decision variables (Section 6.2.3.5) to the values
shown in Table 6.1, based on economic optimisation carried out in Chapters
3-5. The 2 variables which were not fixed were morning and evening milking
start times.
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Scenario B employed combined objective function 𝐾(𝑥) (Equation 6.8) i.e.
multi-objective optimisation of milking start times and farm electricity
related CO2 emissions. This scenario fixed 12 of the 14 decision variables to
the values shown in Table 6.1, based on environmental optimisation carried
out in Chapters 4 and 5. The two variables which were not fixed were
morning and evening milking start times. Both HR and PV systems were
fixed as “No” options, in order to compare results with a scenario where both
technologies were fixed as “Yes” options (Scenario C).



Scenario C employed combined objective function 𝐾(𝑥) (Equation 6.8) i.e.
multi-objective optimisation of milking start times and farm electricity
related CO2 emissions. Both an 11kWp PV system and a HR system were
included in the scenario, since they were shown to be environmentally
optimal in Chapters 4 and 5. The two PV models described in Chapter 5 for
standard efficiency PV systems and high efficiency PV systems were used in
separate simulations of Scenario C, in order to compare the impact of using
different PV efficiencies. Scenario C fixed 9 of the 14 decision variables to
the values shown in Table 6.1, based on environmental optimisation carried
out in Chapters 4 and 5. The five variables which were not fixed in this
scenario were morning milking start time, evening milking start time, and the
three variables associated with water heating load scheduling (water heating
system, water heating timer and water heating timer start time). These
variables were chosen since different water heating systems were previously
selected as environmentally optimal for use with HR systems (Chapter 4) and
PV systems (Chapter 5).
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Table 6.1: Decision variables used for multi-objective optimisation for each Scenario A, B and C*. The
values of variables which were fixed are displayed while the values of variables listed as “not fixed” were
selected by the genetic algorithm.

Decision variable
Morning milking start time (MTm)
Evening milking start time (MTe)
Milk cooling system (MCS)
Ice bank start time (Tib)
Milk tank capacity (MTC)
Milk collection interval (MCI)
Precooling (PC)
Water heating system (WHS)
Water heating timer (WHT)
Water heating timer start time (Twh)
Variable speed drives (VSD)
Electricity tariff (ET)
Heat Recovery (HR)
Photovoltaic system (PV)

Scenario A*
Not fixed
Not fixed
DX
N/A
15,000L
Every 2 days
Yes
Electric
Yes
0:00
No
DN
No
No

Scenario B
Scenario C
Not fixed
Not fixed
Not fixed
Not fixed
DX
DX
N/A
N/A
15,000L
15,000L
Every 2 days Every 2 days
Yes
Yes
Gas
Not fixed
N/A
Not fixed
N/A
Not fixed
Yes
Yes
DN
DN
No
Yes
No
11kWp

*

Scenario A employed multi-objective optimisation of milking start times and farm ATNP. Scenarios B and C
employed multi-objective optimisation of milking start times and farm electricity related CO2 emissions.

A time horizon of ten years was used for the three scenarios. Electricity, gas, oil and
milk prices did not fluctuate year-on-year over the ten year time horizon. The prices
of these commodities for the test case were as follows: Oil and gas prices were
€0.08/kWh and €0.06/kWh respectively, while milk price was €0.33/L and the
electricity price depended on the tariff selected.
It should be noted that this chapter did not consider possible changes in milk
production associated with changes in milking start times. A study conducted by
Rémond et al. (2009) described the normal milking interval ranges as being between
10:14 and 12:12 for twice daily milking, and used intervals of 10:14 as default
milking interval values in two of the experiments described when comparing the
milk yield effect of milking at intervals of 5:19 and once per day. Hence, the
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intervals considered in this study would fall within the normal range and would be
unlikely to affect milk yield.

6.3. Results
Note: All results obtained using MATLAB 2014a.
6.3.1 Multi-objective optimisation results
The multi-objective optimisation results for Scenario A (optimising milking start
times and farm ATNP) are shown in Table 6.2. The optimal combination of decision
variables for the various α values are listed, along with their corresponding average
annual ATNP and milking start times over the ten year time horizon. When α values
between 0 and 0.44 inclusive were used, the optimal morning and evening milking
start times were 06:00 and 20:00 respectively. The ATNP was €62,070 and the MTF
was 0%. When α values between 0.45 and 0.54 inclusive were used, the optimal
morning and evening milking start times were 06:00 and 17:00 respectively. The
ATNP was €62,001 and the MTF was 54%. When α values between 0.55 and 1
inclusive were used, the optimal morning and evening milking start times were 07:00
and 17:00 respectively. The ATNP was €61,906 and the MTF was 100%.
The multi-objective optimisation results for Scenario B (optimising MTF and annual
farm electricity related CO2 emissions (CE)) are shown in Table 6.3. When α values
between 0 and 0.34 inclusive were used, the optimal morning and evening milking
start times were 06:00 and 20:00 respectively. The CE total was 9,511 kg and the
MTF was 0%. When α values between 0.35 and 0.59 inclusive were used, the
optimal morning and evening milking start times were 07:00 and 20:00 respectively.
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The CE total was 9,576 kg and the MTF was 50%. When α values between 0.6 and 1
inclusive were used, the optimal morning and evening milking start times were 07:00
and 17:00 respectively. The CE total was 9,795 kg and the MTF was 100%.
The multi-objective optimisation results for Scenario C (optimising MTF and annual
farm CE) using PV Model A (Section 5.2.2.1) are shown in Table 6.4. When α
values between 0 and 0.6 inclusive were used, the optimal morning and evening
milking start times were 07:00 and 20:00 respectively, while the farm used electric
water heating scheduled to start at 10:00. The CE total was 6,502 kg and the MTF
was 50%. When α values between 0.61 and 0.69 inclusive were used, the optimal
evening milking start time changed to 18:00, while the other variables remained the
same as those for α values between 0 and 0.6. The CE total was 6,543 kg and the
MTF was 67%. When α values between 0.7 and 1 inclusive were used, the optimal
evening milking start time changed to 17:00, while the electric water heating was
scheduled to start at 09:00. The other variables remained the same as those for α
values between 0.61 and 0.69. The CE total was 6,701 kg and the MTF was 100%.
The multi-objective optimisation results for Scenario C using PV Model B (Section
5.2.2.1) are shown in Table 6.5. The results are largely similar to Table 6.4 but with
the optimal morning and evening milking start times of 07:00 and 20:00 being
between 0 and 0.63 rather than 0 and 0.6. The CE for each ɑ value also reduced by
approximately 20% when using the higher efficiency PV system.
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Table 6.2: Multi-objective optimisation results for Scenario A*

Net profit
α
Morning milking start time
Evening milking start time
Annual ATNP (€)
Milking time function (%)

0 – 0.44
06:00
20:00
62,070
0

Milking times
0.45 – 0.54
06:00
17:00
62,001
54

0.55 – 1
07:00
17:00
61,906
100

*

Scenario A performed multi-objective optimisation of MTF and farm ATNP. Scenarios B and C performed
multi-objective optimisation of MTF and farm electricity related CO2 emissions, with an 11kWp PV system and
HR system being employed in Scenario C.

Table 6.3: Multi-objective optimisation results for Scenario B*

CO2 emissions
α
Morning milking start time
Evening milking start time
Annual CO2 emissions (kg)
Milking time function (%)

0 – 0.34
06:00
20:00
9,511
0

0.35 – 0.59
07:00
20:00
9,576
50

Milking times
0.6 – 1
07:00
17:00
9,795
100

* Scenario A performed multi-objective optimisation of MTF and farm ATNP. Scenarios B and C performed
multi-objective optimisation of MTF and farm CO2 emissions, with an 11kWp PV system and HR system being
employed in Scenario C.

Table 6.4: Multi-objective optimisation results for Scenario C* when using PV Model A^

CO2 emissions
α
Morning milking start time
Evening milking start time
Water heating system
Water heating timer
Water heating timer start time
Annual CO2 emissions (kg)
Milking time function (%)

0 – 0.6
07:00
20:00
Electric
Yes
10:00
6,502
50

0.61 – 0.69
07:00
18:00
Electric
Yes
10:00
6,543
67

Milking times
0.7 – 1
07:00
17:00
Electric
Yes
09:00
6,701
100

* Scenario A performed multi-objective optimisation of MTF and farm ATNP. Scenarios B and C
performed multi-objective optimisation of MTF and farm electricity related CO2 emissions, with an
11kWp PV system and HR system being employed in Scenario C.
^ PV Model A used PV modules with 17.2% efficiency; PV Model B used PV modules with 19.6%
efficiency.
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Table 6.5: Multi-objective optimisation results for Scenario C* when using PV Model B^

CO2 emissions
α
Morning milking start time
Evening milking start time
Water heating system
Water heating timer
Water heating timer start time
Annual CO2 emissions (kg)
Milking time function (%)

0 – 0.63
07:00
20:00
Electric
Yes
10:00
5,144
50

0.64 – 0.69
07:00
18:00
Electric
Yes
10:00
5,185
67

Milking times
0.7 – 1
07:00
17:00
Electric
Yes
09:00
5,347
100

* Scenario A performed multi-objective optimisation of MTF and farm ATNP. Scenarios B and C
performed multi-objective optimisation of MTF and farm electricity related CO 2 emissions, with an
11kWp PV system and HR system being employed in Scenario C.
^ PV Model A used PV modules with 17.2% efficiency; PV Model B used PV modules with 19.6%
efficiency.

6.4. Discussion
The results for Scenario A, whereby multi-objective optimisation of MTF and annual
ATNP was carried out, show that the increase in ATNP when changing from the
most common to least common milking start times was €164 (an increase of 0.3%).
However this potential saving of €164 is unlikely to entice farmers to drastically
adjust their routine to 06:00 in the morning and 20:00 in the evening. If farmers were
to adjust their morning milking start time to 06:00 while maintaining current practice
around evening milking start time, they would realise savings of €95 per year, 58%
of the savings associated with changing both morning and evening milking start
times. This minor change may be more practical than changing both morning and
evening milking start times. Similar annual monetary savings (€149) were reported
by Upton et al. (2015b) for a dairy farm changing its morning milking time from
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07:00 to 06:00, however there is a distinct lack of research surrounding this topic
both in Ireland and internationally. Many studies have been carried out concerning
milking intervals i.e. the amount of time between morning and evening milking
(Ambord and Bruckmaier, 2010; Amos et al., 1985; Beerda et al., 2007; Herve et al.,
2017; Pahl et al., 2015; Vanbergue et al., 2018), however these studies are generally
concerned with how milking intervals affect milk production rather than electricity
costs. Hence there is scope for further research on this topic.
The results for Scenario B, whereby multi-objective optimisation of MTF and farm
CE was carried out, show that the decrease in annual farm CE when changing from
the most to the least common milking start times was 284 kg (a reduction of 3%).
This is a relatively small reduction in emissions and as shown in Chapter 4 there are
more effective ways of reducing electricity related CO2 emissions on farms which
don’t involve farmers changing their routines, such as the use of HR systems. Taking
into account the results from Scenario A and Scenario B, it is clear that potential
exists to simultaneously increase farm profitability and reduce farm GHG emissions
by adjusting milking start times to those less commonly used, yet the benefits to the
farmer both from a monetary and environmental perspective are insignificant. While
these changes are trivial on a per farm basis, if these changes were implemented at a
national level it could lead to significant savings.
The results for Scenario C, whereby multi-objective optimisation of MTF and farm
electricity related CO2 emissions was carried out, are shown in Table 6.4. Under this
scenario both a HR system and an 11kWp PV system using PV Model A (Section
5.2.2.1) were used. PV Model A had a module efficiency (17.2%) which is similar to
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the average efficiency of commercially available panels in 2019 (ISE, 2019). For an
α value of 0 (i.e. when the combined objective function was only minimising farm
electricity related CO2 emissions), the optimal milking start times were 07:00 and
20:00, while electric water heating scheduled at 10:00 was used in order to consume
the PV output during daytime hours. When the α value was increased to 1 (i.e. when
the combined objective function was only maximising MTF) the optimal morning
milking start time remained at 07:00 while the evening milking start time changed to
17:00. This indicates that when using a PV system on-farm, carrying out morning
milking at 07:00 is the optimal time to enable CO2 reduction, while it is also the
most common milking start time for farmers. This information could be particularly
useful for those trying to facilitate renewable energy systems on dairy farms. Similar
results were found in terms of optimal farm configurations when using PV Model B
(Table 6.5), with the electricity related CO2 emissions of the farm being
approximately 20% lower due to the increased electricity production from the higher
efficiency PV modules as mentioned in Section 6.3.1.
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Chapter 7 Global discussion
This chapter presents the synthesis of research findings and the global discussion
related to results presented in this thesis. The work presented follows a clear and
logical progression at each step from conception to realisation (i.e. from Chapter 3 to
Chapter 6). In order to achieve the objectives put forth in Section 1.2, the research
was approached in a modular fashion. To develop a dairy optimisation platform, a
suitable optimisation method was required. Furthermore, due to the absence of
suitable methods to assess the potential of HR, STWH and PV systems on dairy
farms, as well as a lack of research relating to the optimisation of management
practices such as milking start times and load shifting, these functionalities were
added to the optimisation platform as the project progressed. The optimisation
platform developed was designed to work for any farm size; hence multiple analyses
could be facilitated through the altering of the platform’s input variables. The
platform will be made available to advisors, policymakers and farmers to allow them
to adjust the inputs which will in turn modify the outputs depending on the farm in
question in order to generate farm specific recommendations.
As mentioned in Chapter 1, measures which can be implemented on dairy farms to
improve profitability and reduce environmental impacts were examined under the
headings of efficiency through technology adoption, efficiency through management
practices, and reduction in primary energy through renewable generation. Chapters
3-6 each fell under at least one of these headings.
A test case of a 195 cow farm was used to demonstrate results in Chapters 3–6. It
was found in Chapter 3 that to maximise ROI several technologies should be
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included in the optimal dairy farm configuration. These technologies included a DX
milk cooling system, a PHE for milk precooling and an electric water heating
system. Furthermore, a day/night electricity tariff was found to be the optimal tariff
choice, with the electric water heating load being shifted to night time hours to take
advantage of cheaper night time electricity rates.
In Chapter 4 renewable thermal technology was introduced, and when optimising the
farm configuration solely to maximise ATNP the optimal configuration did not
include STWH or HR systems. When optimising the farm configuration solely to
minimise electricity related CO2 emissions, the optimal configuration included a HR
system, and the farm’s annual electricity related CO2 emissions and annual ATNP
decreased by 40% and 2% respectively, compared to the optimal configuration to
maximise ATNP. Despite a HR system being included in this optimal scenario, it
was found that the reduction in farm electricity related CO2 emissions upon addition
of a HR system was small relative to the reduction in ATNP, with an approximate
annual cost to the farm of €0.67 per kilogram of CO2 saved. This was compared to
the equivalent costs of €0.05 and €0.23 per kilogram of CO2 saved upon addition of
a gas water heating system and VSDs respectively. This indicated a poor economic
return for HR systems on dairy farms, while the addition of a 40% grant aid on the
initial capital costs of the HR system only marginally improved economic
performance. Taking into account the fact that gas water heating was found to be the
best technology in terms of cost to the farm per kilogram of CO2 saved, the results in
Table 4.8 were scaled up using the data relating to farm size and cow numbers in
Ireland by Kelly et al. (2017). Using this data it was estimated that widespread
implementation of gas water heating systems on dairy farms in Ireland could save
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more than 20 kilotonnes of CO2 per annum. The introduction of a grant scheme of
50% on gas water heating systems to enable ten year payback would assist farmers
economically while simultaneously improving the country’s environmental
performance in the face of stricter regulations around emissions.
In Chapter 5 renewable electrical technology (PV) was introduced, and when
optimising the farm configuration solely to maximise ATNP, the optimal
configuration did not include a PV system. When optimising the farm configuration
solely to maximise farm renewable contribution, the optimal configuration included
a PV system, with the farm’s annual ATNP decreasing by 5% compared to the
optimal configuration to maximise ATNP. The addition of a 40% grant aid on the
initial capital costs of PV systems did not significantly improve their economic
performance, however it was found that shifting the electric water heating load of the
farm to daytime hours led to the majority of the PV output being consumed by the
farm. This information could be useful to farmers who have previously invested in
PV systems and wish to minimise PV leakage in the absence of a feed-in tariff. The
introduction of a higher efficiency PV system did not improve their economic
performance significantly, however it resulted in lower CO2 emissions and a greater
amount of electricity being exported to the grid. This indicates that the economic
performance of PV systems will only improve with the introduction of a feed-in
tariff, regardless of PV system efficiency. Scaling the results examined in this
chapter using the data relating to farm size and cow numbers in Ireland mentioned
above, it was estimated that widespread implementation of PV systems using module
efficiencies of 17.2% on dairy farms could offset 31 kilotonnes of CO2 nationally per
annum, while widespread implementation of PV systems with efficiencies of 19.6%
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could offset 41 kilotonnes. This illustrates the importance of module efficiency with
regard to the environmental performance of PV systems.
In Chapter 6 it was found that annual savings of €164 and 284 kilograms of CO2
were realised upon changing morning and evening milking start times from the most
common to the least common, with the most common morning and evening start
times found to be 07:00 and 17:00 respectively. Scaling the results from Chapter 6
using the data relating to farm size and cow numbers in Ireland mentioned above, it
was estimated that widespread implementation of changing morning and evening
milking start times from the most common to the least common times could save
farmers €1.2 million in total and could offset 2 kilotonnes of CO2 nationally per
annum. The introduction of a financial incentive for farmers to change their milking
times would improve their economic benefits even further while simultaneously
improving the country’s environmental performance. Furthermore, farmers
employing PV systems could reduce electricity related CO2 emissions by
approximately two tonnes over a 10 year period by changing their evening milking
start time only, since 7:00 is the most common morning milking time for farmers as
well as the time at which farmers with PV systems can facilitate maximum CO 2
reduction.
Regarding how the price of milk affects the results presented in Chapters 3-6, it was
found that increasing or decreasing the starting milk price (i.e. the price of milk at
the beginning of the ten year time horizon) had little effect on the optimal farm
configurations found, however the after tax net profit figures were greatly affected. It
was found that every increase or decrease of €0.01 in milk price resulted in a
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respective increase or decrease of between 5% and 10% in net profit, compared to
the net profit at a milk price of €0.33. For example, a decrease of €0.03 in the
starting milk price for the analysis in Table 4.8 resulted in a decrease of between
18% and 24% in net profit. Similar results were seen for increases in milk price in
Table 4.8, with an increase of €0.03 in the starting milk price resulting in an increase
of between 18% and 24% in net profit. Future work should take into account various
milk pricing scenarios, as well as volatility in milk prices for future scenarios i.e.
changes in milk price month-on-month and year-on-year over different time
horizons. However these particular analyses were beyond the scope of this study.
The work presented in this thesis was not without limitations. Firstly, only one farm
size (195 cows) was examined in this body of work for the reasons outlined in
Section 3.2.5. This size farm was chosen as a test case and “proof of concept” for the
development of the optimisation platform and should not be regarded as a blueprint
for decision support on every dairy farm. The flexibility to carry out analyses for any
farm size has been built into the platform. Secondly, the analyses in Chapters 3-6
were carried out over a 10 year time horizon based on the time horizon used for
investment appraisals for dairy equipment in an Irish context by Upton et al. (2015a).
In Chapter 3 the price of commodities including the price of milk, electricity, gas and
oil was varied year-on-year over the 10 year period, while in Chapters 4-6 the prices
were static over the 10 year period. In reality the variations in these commodities
would likely differ greatly from those used. Hence, future work should take into
account a number of potential price variation scenarios, which may lead to differing
optimisation results.

186

Global discussion

7.1 Relevance to farmers
The models and methods put forward in Chapters 3-6 to build the dairy optimisation
platform are efficient, portable and scalable, and can be used to provide decision
support for any dairy farm. When applied to a specific site, the platform may be used
to inform on the best technology, managerial and electricity tariff decisions to be
made on the farm, in order to maximise profitability, minimise electricity related
CO2 emissions, maximise renewable contribution or optimise milking start times.
The methods may also be employed to assess trade-offs between these criteria. Any
farm parameter may be constrained prior to the methods being applied, depending on
the preference of the user. Moreover, the methods may be applied to a green field
site, with the optimal configuration of new technology chosen to optimise one or
more of the criteria listed above.
7.2 Relevance to policymakers
The optimisation platform could also be used to deliver best practice guidelines
regarding technology, management practices and electricity tariffs on dairy farms.
Considering the European Union greenhouse gas and renewable targets discussed in
Chapter 1, the methods from Chapters 3-6 could be useful for policymakers
responsible for economically supporting technology changes on dairy farms and
reporting on their effectiveness. More specifically it could be used to design future
grant schemes for technologies with the goal of reducing energy use and increasing
farm renewable contribution, by computing their effectiveness at farm level over
time. This would help to provide prudent financial incentives to farmers for the
facilitation of renewable and energy efficient technologies on dairy farms, which
would in turn contribute to the reduction in Ireland’s national GHG emissions and
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increase renewable penetration in agriculture. By 2020 it is estimated that dairy
farms in Ireland will be emitting 154 kilotonnes of CO2 per annum as a result of
electricity consumption. Through the implementation of efficiency measures and
renewable technologies, there exists potential to reduce these emissions by 33%.
However, without the use of the optimisation platform developed and demonstrated
in this thesis it will be difficult to fully realise this reduction.
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Chapter 8 Conclusions and future work
8.1 Conclusions
The final conclusions from the research presented in this thesis are:


In Chapter 3 an optimisation method was created to maximise ROI in dairy
farm technology over a specified time horizon (Objective 1), under the
heading of efficiency through technology adoption and efficiency through
management practices. This method obtained the optimal farm technology,
management and electricity tariff combination for ROI maximisation. To find
a suitable optimisation strategy, five optimisation algorithms were compared
(GA, PSO, SA, TS and DP). GA was found to be the most suitable.



In Chapter 4 a multi-objective optimisation method was implemented to
optimise dairy farm technology, management practices and electricity tariffs
(Objective 3), which fell under the heading of efficiency through technology
adoption. The multi-objective optimisation was carried out to maximise
annual ATNP and minimise farm electricity related CO2 emissions, as well as
assessing trade-offs between the two based on a trade-off parameter.
Accurate models of STWH and HR systems were successfully created and
validated using measured data and included in the economic and
environmental analysis (Objective 2). Results indicated that the economic
performance of both of these technologies was poor, while gas water heating
was found to be the best technology in terms of cost to the farm per kilogram
of CO2 saved.
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In Chapter 5 a multi-objective optimisation method was implemented to
maximise farm ATNP and maximise farm renewable contribution, while also
assessing trade-offs between the two based on a trade-off parameter
(Objective 4). This chapter fell under the heading of reduction in primary
energy through renewable generation. Accurate models of two PV systems
were created and validated using experimental data and included as part of
the analysis (Objective 2). Results indicated that the economic performance
of PV systems regardless of efficiency was relatively poor, however
significant CO2 savings can be realised by increasing PV system efficiency. It
was also found that load shifting of the farm’s water heating enabled the farm
to consume the majority of the PV system’s output, negating the need for
battery storage.



In Chapter 6 farm milking start times and technology configuration were
optimised to maximise farm ATNP and minimise farm electricity related CO2
emissions (Objective 5). This chapter therefore fell under the heading of
efficiency through management practices. The requirement for farmers to
change their work routines was taken into account by assessing milking start
times, in terms of how commonly they were used by farmers. This allowed
the potential economic and environmental benefits of altering milking start
times to be assessed, along with the corresponding cost to farmers in terms of
making changes to their daily routines. It was found that annual savings of
€164 and 284 kilograms of CO2 were realised upon changing morning and
evening milking start times from the most common to the least common, with
the most common morning and evening start times found to be 07:00 and
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17:00 respectively. This indicated that there is very little economic or
environmental benefit to changing deeply engrained farmer work routines.

8.2 Future work
While a test case farm has been assessed in this thesis to demonstrate the use of the
developed optimisation platform, the platform may be used in future work to address
further gaps in knowledge that have been identified. Firstly, it is important to
evaluate the suitability of PV systems in the new Irish granting framework, as well
as the potential use of batteries in conjunction with PV systems on Irish farms.
Furthermore, multiple sensitivity analyses could be carried out concerning the price
of energy and milk over time, the effect of herd size, the effect of reducing
technology investment costs, the effect of introducing a feed-in tariff and the effect
of introducing new time of use electricity tariffs. This research provides a significant
contribution to the field and will be used as a means of decision support for dairy
advisors, policymakers and farmers, while also being employed for various future
analyses.
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Appendix A Development and validation of photovoltaic and wind
turbine models to assess the impacts of renewable generation on
dairy farm electricity consumption
A.1 Abstract
The aim of this study was to assess the impacts of solar photovoltaics (PV) and wind
power on the electricity consumption and related costs of a seasonal calving dairy
farm. This work uses mathematical models to simulate the annual electricity
production of a PV system and a wind turbine, as well as the electricity consumption
of a dairy farm. The combined modelling platform allowed the impacts of electricity
generated by the renewable systems on the overall annual electricity consumption
and related costs of a given farm to be quantified. Two renewable systems, three
feed-in tariffs (FITS), four technology scenarios and three electricity tariffs were
considered. In terms of annual electricity costs, for both PV and wind, the scenario
of an Ice Bank milk cooling system with night time electric water heating, using a
Day/Night electricity tariff was found to be the optimum, under all three of the FITs
investigated. The annual electricity costs for this scenario varied from €2,359 to
€3,113 when using a PV system and from €2,452 to €3,191 when using a wind
turbine. The analysis also revealed that, under certain conditions, the annual
monetary savings achieved by a grid connected PV system were similar to those
achieved using a standalone system. Furthermore, it was found that annual monetary
savings associated with wind turbines were sensitive to FITs, while savings
associated with PV varied in sensitivity depending on the technology scenario
employed.
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A.2 Introduction
With the abolition of the European Union Milk Quotas in 2015, there exists
significant potential for expansion of the Irish dairy industry for the first time in a
generation. According to the Food Harvest 2020 report by the Irish Department of
Agriculture, Food and the Marine, an increase in milk production of 50 percent by
2020 is distinctly possible (DAFM, 2010). The rise in production, however, may lead
to higher electricity costs per litre of milk harvested unless careful attention is paid to
every aspect of production costs. Increases in herd size may necessitate the purchase
of new technology or the upgrading of existing farm infrastructure, which in turn
could lead to greater running costs. Ensuring that the price of milk production
remains as low as possible will be essential if farmers are to maintain their profit
margin after quota abolition. With this in mind, Upton et al. (2015) assessed the
impacts which future changes in electricity tariffs may have on dairy farm electricity
costs, as well as quantifying the effect of altering morning and evening milking
times. In addition, Murphy et al. (2015) examined the impacts of applying a demand
side management control strategy to an Ice Bank thermal storage system in a real
time electricity pricing environment. This control strategy resulted in monetary
savings which varied depending on the cooling load, grid load and electricity tariff in
question. Methods such as this may be beneficial to dairy farmers using an ice bank
system for milk cooling purposes. Furthermore, Upton et al. (2015) investigated the
possible profitability and return on investment of a number of technology
innovations on dairy farms including precooling of milk, variable speed drives for
milking machine vacuum pumps, and solar thermal water heating. Murphy et al.
(2013) performed a detailed analysis on the potential for milk precooling by carrying
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out experiments using a dual stage plate heat exchanger with an Ice Bank, and
identifying optimum ground water to milk ratios in terms of water and electricity
costs.
The use of renewable technologies such as solar photovoltaics and wind power to
match part of the farm’s electricity demand is a strategy which should be explored.
In this way the farmer becomes less dependent on the electricity grid and only pays
for electricity which isn’t supplied by the PV system/wind turbine. Few studies have
been conducted to examine the use of PV and Wind in a dairy farming environment.
Examples of previous work in the area include Wrixon (1983), who described the
use of a 50kW photovoltaic array to provide power to a dairy farm on Fota Island,
Cork, Ireland. Houston et al. (2014) investigated the wind energy potential for a
dairy farm on Prince Edward Island, Canada, using Wind Turbines of different sizes
(10kW and 25kW). The aim of this study was to assess the impacts of solar
photovoltaics (PV) and wind power on the electricity consumption and related costs
of a seasonal calving dairy farm. This paper provides data relating to the electricity
and related cost reduction potential of PV and wind under four farm technology
scenarios, with three different electricity tariffs and three feed-in tariffs on a seasonal
calving dairy farm. It is crucial that prudent and informed investment decisions are
made in the sphere of renewable technologies, in order to maximize farm
profitability.
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A.3 Materials and methods
A.3.1 Wind turbine Model
In order to simulate wind power output, the manufacturer’s power curve for a Bergey
Excel 10 Wind Turbine was used (Bergey, 2011). A polynomial of degree seven was
fitted to the manufacturer’s data points using the Least Squares method. The power
curve in question can be seen in Figure A.1. The equation of the curve with
regression coefficients is shown below;

𝑃 = −0.0000019𝑢7 + 0.00013𝑢6 − 0.0036𝑢5 + 0.0461𝑢4 − 0.2866𝑢3 + 0.8773𝑢2 − 1.005𝑢 + 0.1811,

(A.1)

where P = Power output (W); u = Wind speed at hub height (m/s).
To simulate the annual electricity production of the turbine, wind speed data for one
full year (2014) at five minute intervals was obtained from a weather recording
station at Cork Institute of Technology (CIT), Cork, Ireland. These wind speeds were
scaled to the height of the turbine hub (18m) using the wind Power Law (Ilinca,
2003);
𝑧2 𝛼
𝑢2 = 𝑢1 ( )
𝑧1

(A.2)

Where u2 = calculated wind speed at height z2 (m/s); u1 = observed wind speed at
height z1 (m/s); z1 = reference height (m); z2 = height at which wind speed is to be
determined (m); α = Power Law exponent.
The power law exponent for this work was estimated to be 0.26, using the formula
proposed by Counihan (1975), which is based on the surface roughness of the site in
question. The surface roughness was taken to be 1.5m as the turbine is located in a
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suburban area (Manwell et al, 2009). The simulated annual electricity produced by
the turbine was 4.19 MWh.

Figure A.1: Power Curve for Bergey Excel 10 Wind Turbine

A.3.2 Photovoltaic (PV) Model
The model employed in this work to simulate PV power output was proposed by
Saloux et al. (2011), and consists of the widely used equivalent circuit, containing a
current source and a single diode with no series or shunt resistances. The model uses
expressions to determine the current and voltage of PV modules at their maximum
power point, shown below;
𝑛𝑁𝑠 𝑘𝐵 𝑇
𝑛𝑁𝑠 𝑘𝐵 𝑇 𝐼𝑠𝑐
ln (
)
𝑞
𝑞𝐼𝑜 𝑉𝑜𝑐

(A.3)

𝑛𝑁𝑠 𝑘𝐵 𝑇 𝐼𝑠𝑐
𝐼𝑚 = 𝐼𝑝ℎ + 𝐼𝑜 − (
)
𝑞
𝑉𝑜𝑐

(A.4)

𝑃𝑚 = 𝑉𝑚 𝐼𝑚

(A.5)

𝑉𝑚 =
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Where Pm = Power at maximum power point (W) Vm = Voltage at maximum power
point (V); Im = Current at maximum power point (A); n = Diode quality coefficient;
Ns = Number of cells in series per module; kB = Boltzmann constant (J/K); T = Cell
Temperature (K); q = Charge on the electron (C); Io = Saturation Current (A); Isc =
Short Circuit Current (A); Voc = Open circuit voltage (V); Iph = Photocurrent (A).
These expressions may also be adjusted for the prevailing conditions i.e. cell
temperature and irradiance. The cell temperature was calculated using the equation
provided by Masters (2004), which is based on irradiance, ambient temperature and
nominal operating cell temperature;

𝑇 = 𝑇𝑎𝑚𝑏 + 𝐺 (

𝑁𝑂𝐶𝑇 − 20
)
0.8

(A.6)

Where T = Cell temperature at prevailing conditions (°C); Tamb = Ambient
Temperature (°C); NOCT = Nominal operating cell temperature (°C); G = Irradiance
(kW/m2).
The model was tested using data collected from the PV array of the Zero2020
Renewable energy micro grid at CIT. The PV array in question is a 12 kWp system
consisting of 48 Hyundai HiS-M250MG Solar modules (Hyundai Heavy Industries,
2012), with 3 parallel strings of 16 modules in series. The power produced by the
array was recorded at five minute intervals, along with readings of ambient
temperature and horizontal global irradiance at the same location. In order to
calculate the global irradiance on the inclined plane of the PV array using the
measured horizontal global irradiance data, the method developed by Olmo et al.
(1999) was used. The required inputs for Olmo’s model include the incidence and
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zenith angles of the sun, the clearness index (i.e. ratio of global to extraterrestrial
horizontal irradiance) and the measured values of global horizontal irradiance;

𝐺𝜑 = 𝐺𝐻 𝑒 −𝑘𝑡(𝜑

2 −𝜑2 )
𝐻

𝜓
(1 + 𝜌 sin2 ( ))
2

(A.7)

Where 𝐺𝜓 = Global irradiance on inclined plane (W/m2); 𝐺𝐻 = Horizontal global
irradiance (W/m2); 𝑘𝑡 = Clearness index; ψ = Incidence angle of the sun (radians);
𝜓𝐻 = Zenith angle of the sun (radians); 𝜌 = albedo to account for ground reflected
radiation (Taken as 0.14 for asphalt (Iqbal, 1983)).
The values of incidence angle, zenith angle and clearness index were determined
using equations described by Duffie and Beckman (2013). Inputs to these equations
include the Latitude and Longitude of the location (51.88 degrees north and 8.53
degrees west respectively), as well as the inclination angle of the PV array (17.5°).
The PV model was validated using a 60 day dataset from January, February and
March 2015. Measured values of irradiance and temperature at five minute intervals
were used as inputs to predict the PV output power of one module for the 60 day
period. The results were then scaled up by a factor of 48 to represent the array.
Figure A.2 shows the average daily profile of the array in terms of measured and
predicted power output.
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Figure A.2: PV system measured and predicted power output averaged over the entire dataset

The measured and predicted electricity delivered per hour (in kWh) were computed
for the sixty day dataset and resulted in a mean absolute percentage error (MAPE) of
9.9% between measured and predicted values. This was deemed acceptable for the
purpose of this research. The Pearson correlation coefficient between measured and
predicted electricity was 0.99, with a root-mean-square error (RMSE) of 0.44 kWh
(5.4%). It was found that the model predictions during early morning and late
evening were relatively poor, which was likely due to low irradiance values (Saloux,
2011). Therefore it should be noted that for validation purposes, the electricity output
for the first 1.5 hours in the morning and last 1.5 hours in the evening for each day in
the dataset were ignored. The combined electricity produced during these periods
contributed relatively little to the total daily electricity production (average 7.2%).
This implies that the model is a good predictor for the periods during which the
majority of electricity production takes place. Figure A.3 (a) and (b) illustrate how
the absolute error (in kWh) of the model varied with irradiance and ambient
temperature.
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Figure A.3: Absolute error (AE) between measured and predicted hourly electricity production for (a)
varying irradiance and (b) varying ambient temperature.

In order to simulate the total annual electricity produced by the PV array, global
horizontal irradiance and ambient temperature data for one full year (2014), recorded
at CIT, were used. The simulated annual electricity production totalled 12.99 MWh.
For the purpose of this research, however, the PV system used for simulation was
scaled down to a 4 kWp system (i.e. 16 modules). This ensured that the total
simulated annual electricity production for the PV system and wind turbine were
similar, in order to make the analyses comparable. The total simulated annual
electricity production for the 4kWp PV system was 4.33 MWh, and for the wind
turbine was 4.19 MWh (approximately 3% difference).
A.3.3 Farm electricity consumption model
In order to analyse the effect of PV/wind turbines in a dairy farming context, a
simulation model developed by Upton et al. (2014) was employed. This model for
electricity consumption on dairy farms (MECD) simulates farm electricity
consumption using a mechanistic mathematical approach. The electricity use is
divided into six main categories; milk cooling, water heating, milking machine,
water pumping, lighting and scrapers. Details such as the number of cows milking,
milk yield, milking times, specifications of the milk cooling equipment, water
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heating equipment, water pumping equipment, milking machine, lighting and
scrapers, are required as inputs to the model. The annual electricity consumption and
related costs are represented by a 12x24 matrix structure, with a representative hour
for each month of the year. The model was validated using three farm sizes (small,
medium, large), and has been used for analysis in other previous work (Upton et al,
2015). For the purpose of the analysis described here, simulations were carried out
for a farm consisting of 200 cows, with annual milk yield of 775,000 litres, using a
standard herringbone milking machine system and twice daily milking times of
07:00 and 17:00.
A.3.4 Electricity and feed-in tariffs
Three electricity tariffs were used in this analysis. The first was a Day/Night (D/N)
tariff, which represents an electricity price of €0.16/kWh between 09:00 and 00:00,
and €0.08/kWh between 00:00 and 09:00. The other two tariffs used were Time of
use (TOU) tariffs, which were introduced as part of a smart metering trial by the
Commission for Energy Regulation in 2010 (CER, 2011). The TOU tariffs are
similar to the Day/Night tariff, but they have a third rate between 17:00 and 19:00
i.e. the time of peak electricity use. The TOU1 tariff has an electricity price of
€0.15/kWh between 08:00 and 23:00, a price of €0.14/kWh between 23:00 and 08:00
and a price of €0.22/kWh between 17:00 and 19:00. The TOU2 tariff has an
electricity price of €0.16/kWh between 08:00 and 23:00, a price of €0.075/kWh
between 23:00 and 08:00 and a price of €0.225/kWh between 17:00 and 19:00.
Three FITs were also explored. The current feed-in tariff in Ireland is €0.19 per kWh
exported to the grid for the first 3000kWh, and €0.09 per kWh thereafter (FIT1). A
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hypothetical future scenario in which the FIT is €0.38 per kWh exported to the grid
for the first 3000kWh, and €0.18 per kWh thereafter, was also investigated (FIT2).
Furthermore, in order to assess the sensitivity of cost reductions realised through
implementation of PV/Wind turbines to FITs, a scenario in which no FIT exists was
considered (FIT3).
A.3.5 Technology scenarios
Electricity use and electricity costs were simulated for four farm technology
scenarios;
DX scenario: Direct Expansion (DX) cooling with electric water heating - Milk is
cooled using a direct expansion tank, while water is heated using a 6kW electric
water heater. The water heating is used “on demand” i.e. it is free to switch on when
needed e.g. after milking.
IB scenario: Ice Bank (IB) cooling with electric water heating – Milk is cooled using
an ice bank system, while water is heated in a similar way to the DX scenario i.e. “on
demand”.
DXT scenario: Direct Expansion cooling with timed electric water heating – Similar
to the DX scenario but the water heating is timed to switch on during the night (i.e.
at 12 midnight) to take advantage of night rate electricity prices.
IBT scenario: Ice Bank cooling with timed electric water heating – Similar to the IB
scenario but the water heating is timed to switch on during the night (i.e. at 12
midnight) to take advantage of night rate electricity prices.
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Graphs showing the daily profile of total electricity consumption for each technology
scenario, as well as the total simulated electricity produced by the PV system and
wind turbine, in the months of January and June can be seen in Figure A.4 (a) and
(b). These months were chosen to represent low and high monthly electricity demand
on the dairy farm in question.

Figure A.4: Daily profile of total electricity consumed using the four dairy farm technology scenarios and
produced by the PV system/wind turbine in (a) January and (b) June.

A.4 Results and discussion
Data relating to variations in dairy farm electricity consumption, related costs and
annual monetary savings for two renewable systems, three electricity tariffs, three
FITs and four technology scenarios are presented in Tables A.1-A.4. Please note that
the results presented in this section apply only to a PV system/wind turbine of the
size discussed in Section A.3.
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A.4.1 Effect of PV/Wind on electricity costs and monetary savings under different
technology scenarios and electricity tariffs
A.4.1.1 FIT1
When using a PV system, the IBT scenario using the DN tariff resulted in the lowest
annual costs (€2,736, Table A.2) and the highest annual percentage savings (21%)
over the base case (i.e. equipment with no renewable source). The DN tariff also
resulted in the lowest annual costs for the other three technology scenarios.
However, in terms of monetary savings, the IBT scenario under the TOU2 tariff
provided the best option, with savings of €762 per annum over the base case.
When using a wind turbine, the IBT scenario using the DN tariff resulted in the
lowest annual costs (€2,822) and the highest annual percentage savings (18%) over
the base case. The DN tariff also resulted in the lowest annual costs for the other
three technology scenarios. However, in terms of monetary savings, the IBT scenario
under the TOU1 tariff provided the best option, with savings of €715 per annum over
the base case.
The average electricity costs across the four technology scenarios and three
electricity tariffs were €3,859 for PV and €3,895 for wind. The average percentage
savings were 16% for PV and 15% for wind, with the average annual monetary
savings totalling €701 for PV and €665 for wind. These results indicate that, under
FIT1, a PV system is preferable to a wind turbine.
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A.4.1.2 FIT2
When using a PV system, the IBT scenario using the DN tariff resulted in the lowest
annual costs (€2,359, Table A.3) and the highest annual percentage savings (32%)
over the base case. The DN tariff also resulted in the lowest annual costs for the
other three technology scenarios. However, in terms of monetary savings, the IBT
scenario under the TOU2 tariff provided the best option, with savings of €1,139 per
annum over the base case.
When using a wind turbine, the IBT scenario using the DN tariff resulted in the
lowest annual costs (€2,452) and the highest annual percentage savings (29%) over
the base case. The DN tariff also resulted in the lowest annual costs for the other
three technology scenarios. However, in terms of monetary savings, the IBT scenario
under the TOU1 tariff provided the best option, with savings of €1,084 per annum
over the base case.
The average electricity costs across the four technology scenarios and three
electricity tariffs were €3,731 for PV and €3,653 for wind. The average percentage
savings were 19% for PV and 20% for wind, with the average annual monetary
savings totalling €830 for PV and €907 for wind. These results indicate that, under
FIT2, a wind turbine is preferable to a PV system.
A.4.1.3 FIT3
When using a PV system, the IBT scenario using the DN tariff resulted in the lowest
annual costs (€3,113, Table A.4) while the IB scenario using the DN tariff provided
the highest annual percentage savings (16%) over the base case. The DN tariff
resulted in the lowest annual costs for all four technology scenarios. However, in
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terms of monetary savings, the DX scenario under the TOU2 tariff provided the best
option, with savings of €707 per annum over the base case.
When using a wind turbine, the IBT scenario using the DN tariff resulted in the
lowest annual costs (€3,191) while the IB and DXT scenarios using the DN tariff
provided the highest annual percentage savings (11%) over the base case. The DN
tariff resulted in the lowest annual costs for all four technology scenarios. However,
in terms of monetary savings, the DX scenario under the TOU2 tariff provided the
best option, with savings of €501 per annum over the base case.
The average electricity costs across the four technology scenarios and three
electricity tariffs were €3,988 for PV and €4,137 for wind. The average percentage
savings were 13% for PV and 9% for wind, with the average annual monetary
savings totalling €572 for PV and €423 for wind. These results indicate that, under
FIT3, a PV system is preferable to a wind turbine.

A.5 General discussion
Table A.1 provides information regarding the total annual electricity exported to the
grid for each technology scenario using a PV system and a wind turbine. In this
analysis, exporting to the grid occurred at times when the electricity supplied by the
PV system/wind turbine exceeded the electricity demand of the farm. The amount of
electricity exported gives an indication as to how well the output of the PV
system/wind turbine matches the electricity demand of the farm. That is, if the
amount of electricity exported per annum is low, the supply from PV/wind rarely
exceeds the demand of the farm, whereas if it’s high the supply frequently exceeds
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the demand. From Table A.1, the DX technology scenario using a PV system
exported just 15kWh of electricity to the grid, implying that the system matches well
with the farm load profile. This is to be expected, as the milk cooling and water
heating loads consume electricity during the day, coinciding with the output of the
PV system. Under the current FIT, this system would only provide €2.85 per annum
in gains from feed-in tariffs. In this case the PV system would be almost equally as
effective (in terms of annual monetary savings) operating with no grid connection as
a standalone system. The same is arguably true of the IB scenario using a PV system,
which would provide €30.40 per annum in gains from feed-in tariffs. Regarding the
IBT scenario using a PV system, the electricity demand is high at night due to
nightly milk cooling and water heating loads, meaning there is excess supply from
the PV system during the day. This explains the large quantity of electricity exported
using this scenario.
While the output of a PV system has a reasonably consistent daily profile, the output
of a wind turbine varies from day to day, being quite stochastic in nature. Table A.1
highlights the fact that the output of a wind turbine does not match well with the
farm load profile for any of the four technology scenarios. This can be deduced from
the relatively large amount of electricity exported to the grid using a wind turbine
under each scenario.
Figure A.5 (a) and (b) show annual monetary savings, averaged across the three
electricity tariffs, for each FIT and technology scenario. Savings using a PV system
are shown in (a), with savings using a wind turbine shown in (b). Due to the greater
fluctuations in savings across different FITs in (b), it appears that savings associated
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with wind turbines are more sensitive to FITs than those associated with PV. The
increase in savings using a PV system upon doubling the current FIT, i.e. changing
from FIT1 to FIT2, is 0.4% for the DX scenario, 4.5% for IB, 14.8% for DXT and
50.8% for IBT. The increase in savings using a wind turbine upon changing from
FIT1 to FIT2 is 29.3% for the DX scenario, 32.1% for IB, 28.7% for DXT and
55.0% for IBT. These figures indicate that the savings associated with wind turbines
vary with fluctuating FITs more so than the equivalent PV savings. The sensitivity of
savings associated with PV/wind is dependent upon the amount of electricity
exported to the grid, as discussed above. The more electricity exported per annum
for a given scenario, the more sensitive it is to FITs.
An important consideration when selecting a renewable system for a given farm is
potential future FIT rates. If one were to use a PV system, standalone or gridconnected, under the DX scenario, the annual monetary savings would essentially be
“immune” to future changes in FIT rates i.e. they would not be affected significantly.
However if one were to use a wind turbine with any of the four technology scenarios,
the annual monetary savings would fluctuate greatly with any future changes in FIT
rate.
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Table A.1: Total annual electricity use for the base case (no renewables), as well as total net electricity use and electricity exported to the grid using two renewable technologies (PV
and Wind), for four farm technology scenarios.

Basea

PV

Wind

Scenariob

Electricity
Use (kWh)

Net Electricity
Usec (kWh)

Reductiond
(%)

DX
IB
DXT
IBT

32,670
34,777
32,670
34,777

28,357
30,610
28,888
32,435

13
12
12
7

Electricity
Exported to grid
(kWh)
15
160
546
1,986

Net Electricity
Use (kWh)

Reduction
(%)

29,545
31,709
29,454
32,536

10
9
10
6

Electricity
Exported to grid
(kWh)
1,061
1,118
970
1,945

Table A.2: Total annual monetary costs (€), savings e (€) and percentage savings f using two renewable technologies (PV and Wind) for four farm technology scenarios, under three
different electricity tariffs (DN, TOU1, TOU2) for FIT1.

Scenario
DX
IB
DXT
IBT

Cost
3,775
3,309
3,242
2,736

DN
Savings (%)
662 (15)
665 (17)
677 (17)
720 (21)

Cost
4,484
4,565
4,390
4,420

PV
TOU1
Savings (%)
673 (13)
672 (13)
694 (14)
745 (14)

Cost
4,456
3,889
3,826
3,218

TOU2
Savings (%)
710 (14)
707 (15)
725 (16)
762 (19)
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Cost
3,771
3,340
3,313
2,822

DN
Savings (%)
666 (15)
635 (16)
605 (15)
634 (18)

Cost
4,463
4,553
4,401
4,451

Wind
TOU1
Savings (%)
694 (13)
685 (13)
683 (13)
715 (14)

Cost
4,464
3,932
3,912
3,318

TOU2
Savings (%)
702 (14)
665 (14)
638 (14)
663 (17)
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Table A.3: Total annual monetary costs (€), savings e (€) and percentage savings f using two renewable technologies (PV and Wind) for four farm technology scenarios, under three
different electricity tariffs (DN, TOU1, TOU2) for FIT2.

Scenario
DX
IB
DXT
IBT

Cost
3,772
3,279
3,138
2,359

DN
Savings (%)
665 (15)
696 (17)
780 (20)
1,097 (32)

Cost
4,481
4,535
4,287
4,042

PV
TOU1
Savings (%)
676 (13)
703 (13)
798 (16)
1,123 (22)

Cost
4,454
3,858
3,722
2,841

TOU2
Savings (%)
713 (14)
738 (16)
828 (18)
1,139 (29)

Cost
3,570
3,127
3,129
2,452

DN
Savings (%)
867 (20)
847 (21)
789 (20)
1,004 (29)

Cost
4,261
4,340
4,217
4,081

Wind
TOU1
Savings (%)
895 (17)
897 (17)
867 (17)
1,084 (21)

Cost
4,262
3,719
3,728
2,948

TOU2
Savings (%)
904 (17)
877 (19)
822 (18)
1,033 (26)

Table A.4: Total annual monetary costs (€), savings e (€) and percentage savings f using two renewable technologies (PV and Wind) for four farm technology scenarios, under three
different electricity tariffs (DN, TOU1, TOU2) for FIT3.

Scenario
DX
IB
DXT
IBT

Cost
3,778
3,340
3,346
3,113

DN
Savings (%)
659 (15)
635 (16)
573 (15)
343 (10)

Cost
4,487
4,596
4,494
4,797

PV
TOU1
Savings (%)
670 (13)
642 (12)
590 (12)
368 (7)

Cost
4,459
3,919
3,930
3,596

TOU2
Savings (%)
707 (14)
677 (15)
621 (14)
385 (10)

a

Cost
3,973
3,552
3,498
3,191

DN
Savings (%)
464 (10)
422 (11)
421 (11)
265 (8)

Cost
4,664
4,765
4,585
4,820

Wind
TOU1
Savings (%)
492 (10)
472 (9)
499 (10)
345 (7)

Cost
4,666
4,144
4,097
3,687

TOU2
Savings (%)
501 (10)
452 (10)
454 (10)
293(7)

Base = Farm uses no renewable sources; bDX = Dairy farm with 200 milking cows, using a direct expansion (DX) milk cooling system, standard milking machine and electr ic water
heating system; IB = as per DX but with the inclusion of an ice bank (IB) milk cooling system instead of a direct expansion milk cooling system; DXT = as per DX but with the
inclusion of a water heating timer to take advantage of night rate electricity; IBT = as per DXT but with the inclusion of an ice bank milk cooling system instead of a direct expansion
milk cooling system; cNet Electricity use = Base electricity use – Electricity provided by renewable system; dReduction = Percentage by which electricity use has been reduced with the
introduction of PV/Wind; eSavings = (Annual electricity costs without PV/Wind - Annual electricity costs with PV/Wind) + total annual earnings from feed -in tariffs; fPercentage
savings = Savings/annual electricity costs without renewables.
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Figure A.5: Annual monetary savings (€) averaged across the three electricity tariffs for each FIT and
technology scenario using (a) a PV system and (b) a wind turbine
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A.6 Conclusion
This study presented data pertaining to the simulation of electricity produced by a solar
photovoltaic (PV) system and a wind turbine, as well as the electricity consumption of a
seasonal calving dairy farm. The work was carried out in order to quantify the impacts
of electricity generated by the renewable systems on the overall annual electricity
consumption and related costs of a given farm. Two renewable systems (PV, wind),
three feed-in tariffs, four technology scenarios and three electricity tariffs were
considered. In terms of annual electricity costs, for both PV and wind, the IBT scenario
using the DN electricity tariff was found to be the optimum combination of technology
and electricity tariff, under all three of the feed-in tariffs investigated. The annual
electricity costs varied from €2,359 to €3,113 across three FITs for a PV system on the
DN tariff, and from €2,452 to €3,191 across three FITs for a wind turbine on the DN
tariff. Using a grid connected PV system with the DX scenario resulted in similar
annual monetary savings to those which would have been achieved using a standalone
system, implying that the output of a PV system matches well with the load profile of
the DX scenario. Savings associated with wind turbines were shown to be particularly
sensitive to feed-in tariffs, while the sensitivity of savings relating to PV systems varied
greatly depending on the technology scenario used. When future FIT rates are
considered, this sensitivity could be an important factor in decisions relating to
renewable technologies on dairy farms. Farmers considering investment in renewables
should be made aware of potential financial benefits and risks associated with these
systems, and it is hoped that the analysis presented will provide information for this
purpose.
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Appendix B HR and STWH experimental data
B.1 HR Experimental data
Table B.1 shows the minimum, mean, maximum and standard deviation of seven key
experimental parameters measured in HR experiments Case 1-4 (Section 4.2.1.2):
Ambient temperature (Tamb), initial milk temperature at the beginning of the experiment
(Tm,i), initial water temperature at the beginning of the experiment (Tw,i), final water
temperature at the end of the experiment (Tw,f), percentage heat recovered by water over
the course of the experiment (PHR), compressor and fan consumption (Ecf) over the
course of the experiment, and milk cooling system coefficient of performance (COP)
over the course of the experiment. The final milk temperature was 4°C for all cases.
Water tank temperatures were taken as the mean of the three thermocouples T8, T9 and
T10 (Figure 4.1). It should also be noted that based on experimentation and modelling
results, the level of improvement in milk cooling system COP upon addition of a HR
system was 9.1%.

B.2 STWH Experimental data
Table B.2 shows the minimum, mean, maximum and standard deviation of six key
experimental parameters measured in STWH experiments Case 1-2 (Section 4.2.2.2):
initial water temperature at the beginning of the experiment (Tw,i), final water
temperature at the end of the experiment (Tw,f), mean irradiance over the course of the
experiment (𝑖𝑟𝑟
̅̅̅̅), mean wind speed over the course of the experiment (𝑤𝑠
̅̅̅̅), mean
̅̅̅̅̅̅
ambient temperature over the course of the experiment (𝑇
𝑎𝑚𝑏 ), and system efficiency η.
Water tank temperatures were taken as the mean of the three thermocouples T3, T4 and
T5 (Figure 4.4).
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Table B.1: Results from Case 1-4 of the HR experiments. The minimum, mean, maximum and standard deviation (SD) of each parameter for each case is shown: mea n ambient
temperature over the course of the experiment ̅̅̅̅̅̅̅
𝑻𝒂𝒎𝒃 (°C), initial milk temperature T m,i (°C), initial water temperature T w,i (°C), final water temperature T w,f (°C), percentage heat
recovered by water over the course of the experiment PHR (%), compressor and fan consumption over the course of the e xperiment E cf (MJ), and milk cooling system coefficient of
performance (COP) over the course of the experiment.

Parameter
̅̅̅̅̅̅
𝑇𝑎𝑚𝑏
Tm,i
Tw,i
Tw,f
PHR
Ecf
COP

Min
19.09
34.99
15.00
45.05
32.46
61.25
3.01

Case 1*
Mean
Max
19.75
20.59
35.00
35.01
15.02
15.04
45.98
46.86
33.43
34.38
62.69
64.15
3.09
3.16

SD
0.63
0.01
0.01
0.74
0.78
1.18
0.06

Min
14.80
19.50
45.01
53.40
7.67
68.72
2.79

Case 2
Mean Max
16.09 17.32
19.51 19.51
46.00 46.94
53.92 54.29
8.49
8.99
69.48 69.91
2.80
2.82

SD
1.03
0.00
0.79
0.38
0.58
0.54
0.01

Min
14.46
14.99
15.01
29.67
44.38
22.03
3.04

Case 3
Mean Max
16.08 17.36
15.00 15.01
15.03 15.04
29.93 30.35
45.25 46.54
22.33 22.65
3.08
3.12

SD
1.21
0.01
0.01
0.30
0.93
0.25
0.03

Min
15.64
9.50
29.78
37.48
22.15
24.92
2.71

Case 4
Mean Max
16.44 17.61
9.50
9.50
30.68 31.90
38.29 39.11
23.21 24.16
25.19 25.34
2.72
2.73

SD
0.84
0.00
0.90
0.67
0.83
0.19
0.01

*Case 1 = 1,500 litres of milk being cooled from 35°C to 4°C; Case 2 = 3,000 litres of milk being cooled from 19.5°C to 4°C; Case 3 = 1,500 litres of milk being cooled from 15°C to 4°C;
Case 4 = 3,000 litres of milk being cooled from 9.5°C to 4°C.
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Table B.2: Results from Case 1 and 2 of the STWH experiments. The minimum, mean, maxim um and standard deviation (SD) of each parameter for the experiments in each case is
̅̅̅̅̅ (W/m2 ), mean wind speed over the course of the
shown: initial water temperature T w,i (°C), final water temperature T w,f (°C), mean irradiance over the course of the experiment 𝒊𝒓𝒓
̅̅̅̅ (m/s), mean ambient temperature over the course of the experiment ̅̅̅̅̅̅̅
experiment 𝒘𝒔
𝑻𝒂𝒎𝒃 (°C), and system efficiency η (%).

Parameter
𝑇𝑤,𝑖
𝑇𝑤,𝑓
𝑖𝑟𝑟
̅̅̅̅
̅̅̅̅
𝑤𝑠
̅̅̅̅̅̅
𝑇𝑎𝑚𝑏
η
*Case

1

=

Min
15.51
27.47
292.12
3.36
14.67
8.09
6m2

STWH

Mean
34.48
44.95
472.16
4.38
17.33
27.92
system

used

Case 1*
Max
67.94
73.55
720.04
5.50
20.13
41.93
for

water

SD
22.10
19.90
153.81
0.56
1.97
11.55
heating;

Case
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Min
15.56
42.13
336.74
2.37
14.94
11.00
2

=

10m2

Mean
29.87
54.44
511.07
3.70
18.67
25.73
STWH

system

Case 2
Max
55.65
77.97
709.21
5.24
23.68
37.74
used

for

SD
15.07
11.34
151.90
0.86
3.20
10.57
water

heating.
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Table C.1: Summary of data obtained from six weather stations throughout Ireland (Figure 4.9) over a six year period (2013 -2018). Data was averaged over the six year period and
over the six locations in order to represent a typical year of Irish weather conditions. The minimum , mean, median, maximum, standard deviation (SD) and Inter-quartile range
(IQR) for irradiance, wind speed and ambient temperature for each month of the year are shown.

Irradiance (W/m2)
Month Min Mean Median Max
Jan
0
76
81
181
Feb
0
132
134
305
Mar
0
198
204
444
Apr
0
281
287
623
May
0
305
323
722
Jun
0
328
339
698
Jul
0
297
306
638
Aug
0
262
278
551
Sep
0
221
232
481
Oct
0
151
154
342
Nov
0
95
95
248
Dec
0
57
61
132

Wind Speed (m/s)
SD
44
79
117
171
192
195
184
157
131
89
57
35

IQR
70
134
196
285
334
355
342
278
225
155
84
50

Min
3.7
4.1
3.5
2.8
2.9
2.3
2.2
2.8
3.2
3.1
3.3
3.0

Mean Median Max
6.4
6.4
9.4
6.2
6.1
10.3
5.8
5.7
8.0
5.2
5.1
7.8
5.1
5.1
8.1
4.5
4.5
6.7
4.3
4.3
6.5
4.8
4.8
7.2
4.7
4.6
7.7
5.2
5.2
7.5
5.4
5.4
8.1
6.4
6.6
9.5
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Ambient Temperature (°C)
SD
1.4
1.0
0.9
1.1
1.1
0.9
0.9
0.9
0.9
0.8
0.9
1.2

IQR
2.1
1.4
1.3
1.7
1.5
1.4
1.4
1.4
1.1
1.1
1.4
1.7

Min
3.2
2.6
2.8
4.3
6.5
8.9
11.4
11.5
10.2
8.3
4.1
5.1

Mean Median Max
6.2
6.3
9.1
5.5
5.4
9.5
6.3
6.1
10.0
8.4
8.3
13.7
11.2
11.1
15.9
13.9
14.0
17.9
15.4
15.4
20.0
14.7
14.6
17.8
13.3
13.0
17.1
11.4
11.2
14.6
8.1
8.1
12.3
7.6
7.8
10.2

SD
1.3
1.4
1.6
2.0
2.0
2.0
1.9
1.6
1.6
1.4
1.6
1.0

IQR
1.6
1.8
2.5
3.1
3.1
3.4
3.1
2.9
2.7
2.1
2.3
1.4
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(a)

(b)
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(c)

(d)
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(e)

(f)
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(g)

(h)
Figure D.1: Interactions between key decision variables and multi-objective optimisation outputs. For each
graph (a) – (h) the average annual after tax net profit (€) and the average annual electricity related CO 2
emissions (kg) over the 10 year time horizon are shown for different values of key decision variables, at α = 0
and α = 1 for Scenario A (Table 4.8). When changing a value of one decision variable, all other decision
variables were fixed as the values displayed in Table 4.8 for the corresponding α value. The decision variable
corresponding to each graph was as follows: (a) Morning milking start time; (b) Evening milking start time;
(c) Milk cooling system; (d) Milk precooling; (e) Water heating system; (f) Variable speed drives; (g) Solar
thermal system size; (h) Heat recovery.
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Data for PV model development and validation

Appendix E Data for PV model development and validation

Table E.1: Summary of meteorological data (April 2009 to March 2010) used for PV Model A development and validation. The minimum, mean, median, maximum, standard
deviation (SD) and Inter-quartile range (IQR) for irradiance, ambient temperature and wind speed for each month of the period April 2009 to March 2010 are shown.

Month
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec

Min
0
0
0
0
0
0
0
0
0
0
0
0

Irradiance (W/m2)
Mean Median Max
171
79
764
182
110
886
277
176
974
254
130
976
278
162
988
273
180
930
218
157
948
256
187
989
257
165
964
208
119
837
189
106
740
145
71
595

SD
195
200
265
267
269
259
202
233
251
215
193
161

IQR
245
205
402
374
414
360
255
333
330
297
268
199

Min
0.3
0.4
0.3
0.2
0.2
0.3
0.4
0.2
0.4
0.1
0.2
0.5

Wind Speed (m/s)
Mean Median Max
2.7
2.3
11.7
1.9
1.6
7.4
2.5
2.2
9.2
2.2
1.8
14.0
4.6
4.4
15.9
2.5
2.4
9.4
3.9
3.7
10.0
4.3
4.1
12.0
3.4
3.2
9.4
3.1
2.5
12.3
5.5
5.6
15.9
2.9
2.3
12.2
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SD
2.0
1.5
2.0
2.0
2.9
1.8
2.2
2.5
2.1
2.5
3.3
2.3

IQR
2.3
2.1
2.9
2.1
3.8
2.7
3.1
3.7
3.4
3.5
4.9
3.1

Min
-5.9
0.0
-0.2
5.4
6.2
7.8
11.6
11.3
8.9
5.5
1.6
-2.7

Ambient Temperature (°C)
Mean Median Max SD
4.7
4.7
12.9 3.6
5.4
5.7
11.4 2.3
8.3
8.6
15.8 3.5
11.2
10.9
19.0 2.5
13.1
12.7
22.1 3.0
16.5
16.4
25.8 3.4
16.7
16.7
23.4 2.2
17.4
17.5
25.2 2.4
15.2
15.1
22.9 2.4
13.7
13.8
18.7 2.3
9.6
9.8
16.3 2.8
6.2
6.2
14.8 3.2

IQR
5.0
3.3
4.8
3.5
4.2
5.0
3.3
3.6
3.0
2.8
3.1
4.8

Data for PV model development and validation

Table E.2: Summary of meteorological data (July 2013 to June 2014 and February 2015 to Januar y 2016) used for PV Model B development and validation. The minimum, mean,
median, maximum, standard deviation (SD) and Inter-quartile range (IQR) for irradiance, ambient temperature and wind speed were aggregated across the two years for each month
(January to December).

Month
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec

Min
0
0
0
0
0
0
0
0
0
0
0
0

Irradiance (W/m2)
Mean Median Max
244
220
694
280
239
800
289
265
863
335
281
897
369
340
894
339
312
866
330
318
845
348
325
863
363
357
853
267
266
781
261
254
708
179
140
599

SD
178
223
216
260
258
243
239
251
250
196
186
151

IQR
254
349
343
438
467
419
434
459
468
335
285
249

Min
0.5
0.6
0.6
0.2
0.2
0.2
0.6
0.3
0.6
0.5
0.5
0.7

Wind Speed (m/s)
Mean Median Max
2.5
2.4
5.6
2.8
2.7
6.3
2.8
2.8
7.0
2.7
2.6
6.6
1.7
1.6
4.9
1.9
1.8
4.9
2.1
2.0
4.0
2.1
2.1
4.8
2.1
2.1
4.5
2.4
2.3
5.2
2.4
2.3
5.1
2.3
2.2
5.4
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SD
1.1
1.3
1.2
1.1
0.9
0.9
0.7
0.7
0.7
0.8
0.9
0.9

IQR
1.5
2.0
1.7
1.6
1.2
1.3
1.0
0.9
1.0
1.1
1.3
1.2

Ambient Temperature (°C)
Min Mean Median Max SD
-10.5 -0.7
-0.2
9.8
4.7
-11.2 -1.2
-1.3
11.9 4.1
-9.2
4.5
4.6
17.3 5.2
3.1
12.9
12.4
26.8 4.3
8.9
19.7
19.7
29.9 4.3
15.0 23.3
23.0
32.0 3.6
18.1 25.3
25.0
34.4 3.1
15.5 24.0
23.8
32.1 3.3
10.7 20.8
20.7
32.7 4.6
3.9
14.1
14.2
26.1 4.1
-2.2
9.2
9.1
22.6 5.0
-1.8
7.4
7.1
17.0 3.8

IQR
7.7
5.2
6.6
6.2
6.5
5.2
4.8
5.1
6.5
5.7
7.3
4.7

Data for PV model development and validation

Table E.3: Model performance for PV Model A for each month of the year, using the relative prediction
error (RPE), concordance correlation coefficient (CCC), root mean square error (RMSE), mean absolute
percentage error (MAPE), mean square prediction error (MSPE), mean bias (MB), line bias (LB), random
variation (RV) and number of data points at a resolution of one hour (n).

Month
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec

RPE
22.3%
11.2%
8.3%
7.1%
5.7%
4.2%
6.0%
6.0%
6.5%
8.6%
16.9%
26.7%

CCC
0.96
0.99
0.99
1.00
1.00
1.00
1.00
1.00
1.00
0.99
0.98
0.95

RMSE
99 W
40 W
42 W
31 W
27 W
20 W
22 W
26 W
29 W
38 W
72 W
101 W

MAPE
15.5%
8.1%
7.8%
7.8%
6.2%
4.9%
5.7%
5.9%
6.3%
7.3%
11.4%
19.8%

MSPE
9,876 W2
1,634 W2
1,757 W2
978 W2
727 W2
393 W2
495 W2
689 W2
865 W2
1,456 W2
5,209 W2
10,270 W2
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MB
40.0%
5.0%
2.0%
9.9%
19.5%
7.8%
30.0%
27.8%
1.3%
12.5%
36.8%
52.2%

LB
16.9%
8.3%
1.7%
3.7%
6.6%
0.0%
23.8%
14.6%
0.0%
6.5%
18.9%
25.0%

RV
43.2%
86.7%
96.2%
86.4%
73.9%
92.2%
46.2%
57.7%
98.7%
81.0%
44.3%
22.8%

n
170
209
305
337
404
402
394
352
297
216
171
159

